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Abstract: Recommender systems can make contributions to enterprises by meeting the demands of users and improving
their satisfaction. However, because of the uncertainty and complexity of users’ preferences, the classical techniques are
insufficient to sort out the suitable recommendations. Scholars have made progress to address uncertainty in recommender
systems, but the existing studies neglected the uncertain linguistic information and failed to use them to efficiently provide
personalized recommendations for individuals. Therefore, this paper demonstrates an item-based recommendation program
combined with the Hesitant Fuzzy Linguistic Multi-criteria Analysis of Preferences by means of Pairwise Actions and
Criterion Comparisons (HFL-MAPPACC) method to analyze hesitant fuzzy linguistic information. To provide personalized
recommendations, preference degrees of the used items and tendency of evaluations are considered in the construction of
this algorithm. Then, the proposed approach is implemented in a doctor recommender system to show its applicability.
Ultimately, the validity of the proposed method and its superiority are discussed by comparative analyses.
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1. Introduction

As technology develops, the Internet has
permeated many aspects of our daily life, and
a large amount of information is exchanged
consequently. The information exhibited to users
is often selected by different rules and techniques.
Recommender system, as an effective tool, can
customize the information provided for users
based on their personal characters and necessities.
Since recommender system emerged in the 1990s
(Adomavicius & Tuzhilin, 2005), recommender
systems have been applied in a variety of domains
to tackle the information overload problem
and ameliorate customer relationship, such
as e-commerce (Guia et al., 2019), e-tourism
(Renjith et al., 2020). Apart from creating profits
for enterprises, recommender system can even
save lives and make social impact (Vercruyssen
et al., 2015).

Recommender systems generally contain three
main stages, namely gathering information,
running the recommendation techniques, and
outputting recommendation lists. Based on kinds
of information gathered, the recommendation
technique varies from each other, and it can
determine the quality and efficiency of the
recommender system. Referring to subject
information, many recommender systems take
into consideration only the numerical ratings,
which are limited to express the users’ opinions
and match the new items. A full score may not

represent a perfect performance. Thus, some
scholars introduced the method of fuzzification
to depict the inner uncertainty of users. And it
really improves the performances of recommender
systems (Ajoudanian & Abadeh, 2019). However,
the rules of transferring ratings into fuzzy numbers
are often fixed, failing to express the different
extents of uncertainty within individuals. Hence,
the linguistic evaluations have been noticed in
the area of recommender systems. The study of
uncertain linguistic information can reveal the
imprecise attitudes of users related to different
aspects of products and has been proven to be
efficient in a lot of areas (Xu et al., 2019; Lin et
al., 2018). By analyzing the linguistic assessment
from users with fuzzy approaches, recommender
systems can express the uncertainties and derive
the personalized recommendations. Moreover,
because the uncertain linguistic information
reveals details about individual features and
preferences, it can improve some drawbacks in
the existing recommendation techniques, such as
the sparsity problem (Shambour et al., 2016).

To handle the uncertain linguistic information,
the hesitant fuzzy linguistic term sets (HFLTSs)
and some extensions are used. Accordingly,
recommender systems have been improved
from some points of view. The distance and
similarity measures of HFLTSs (Liao et al.,
2014) are proposed and executed to provide
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movie recommendations. Then, based on the
same linguistic environment, Farhadinia (2016)
designed the entropy measures of HFLTSs and
applied them to derive the weights of criteria
for alternatives. Similarly, the distance measure
(Chen & Liu, 2016) and the entropy measure
with the VIKOR method (Chen & Liu, 2018)
are applied under the multi-granular HFLTSs
environment to provide recommendations. These
studies have made foundations for computation
and further exploration of uncertain linguistic
information in recommender systems. But the
evaluations are given by experts or professional
organizations. These works do not serve for
personalized recommendations, and their results
are exhibited on the home pages of websites.
But in recommender systems, personalisation
is indispensable which can increase users’ visits
of these websites (Kompan & Bielikova, 2013).
This paper intends to deal with the uncertain
linguistic evaluations from users in recommender
systems in order to provide personalized
recommendations for individuals. Because of
generality, the HFLTSs are used to describe the
uncertain linguistic information.

In addition to the type of information,
recommendation techniques also exert a
considerable influence over the whole system. One
commonly used technique is collaborative filtering
(CF) approaches (Ajoudanian & Abadeh, 2019).
The classical CF recommender system seeks for
similar users or items through ratings. Because
linguistic evaluations can be extracted as linguistic
ratings, it is reasonable to apply CF techniques
to analyze the linguistic information. Deshpande
and Karypis (2004) designed the item-based
top-N scheme to shorten the time of building and
implementing the model. The scheme performs
better with sparsity data and run faster than user-
based CF approach. However, this algorithm has
two defects: 1) it makes a loss of the original
information; 2) it overlooks the preferences of
users for rated items. But in fact, items which
are similar to the preferred items have a bigger
possibility to be liked than the others. Scholars
notice the second problem and make advances
with ratings (Wu et al., 2010). However, when it
comes to the uncertain linguistic information, the
preferences of users are quite obscure and vague.
Therefore, this paper applies the MAPPACC
method to deal with HFLTSs information and
express the preference degrees of the used items

based on multiple criteria. The MAPPACC
approach (Matarazzo, 1986) is designed to solve
multi-criteria decision-making problem. Because
recommender system belongs to a general
subclass of Decision Support System (DSS)
(Filip, 2020), it is valid to merge the MAPPACC
method into the procedure. Moreover, the result
of the MAPPACC method contains the rankings
with specific preferences, which can facilitate the
advancement of the traditional top-N scheme.

The purpose of this paper is to develop an
advanced item-based recommendation algorithm
for handling hesitant fuzzy linguistic information.
Aiming to reflect the customer preferences to their
purchased items and to different criteria, the item-
based top-N approach is combined with the HFL-
MAPPACC method so as to establish the whole
program. This study brings novel aspects such as
the following:

1. The application of MAPPACC method under
HFLTSs environment and recommender
systems is original and valid. The HFL-
MAPPACC method helps the expression
of preferences and guarantees the quality
of recommendations. Its efficiency and
advantages have been proven through the
comparative analysis.

2. By combining the preference degrees of the
used items and the similarities among items,
the paper provides recommendations that are
more appealing to individuals. Meanwhile,
the traditional top-N method is advanced to
avoid the loss of information.

3. Users often have their evaluation tendency.
Some users tend to give good ratings, while
others often rate at a low level. Therefore,
this paper proposes the improved cosine
similarity measure to eliminate the impacts
of evaluation tendency.

The rest of this paper is structured as follows:
Section 2 introduces the top-N algorithm,
basic knowledge of HFLTSs and the traditional
MAPPACC method. Section 3 presents the whole
process of recommender program, which contains
the HFL-MAPPACC approach. In Section 4, the
proposed model is demonstrated in a numerical
example. Then, to illustrate the effectiveness
of the proposed method, comparative analysis
is developed in Section 5. Ultimately, the
conclusions and future explorations are discussed
in Section 6.
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2. Preliminaries

2.1 The Item-based Top-N Method in
Recommender Systems

As a model-based recommendation algorithm,
the top-N method can be completed quickly by
precomputed model (Deshpande & Karypis,
2004). The elements in the user-item matrix are
binary. If the user has purchased the item, the
element is equal to one, otherwise it equals to
zero. The latent meaning in the purchased item
vector U of the active user is also the same. The
parameter & means to sort out the most similar
items for each item which can lessen the running
time. Through experiments, & (10<k <30) can
lead to good results and higher values provide little
or no improvements. Ultimately, the algorithm
recommends N best items. The process is shown
in Table 1.

Table 1. The item-based top-N method

INPUT: the nxm user-item matrix R ; the
mx1 vector U ; parameters k& and N
OUTPUT: the mxm neighbor matrix A ; the
mx1 recommendation strength vector x
Step 1. For each pair of items 7 and j, compute
similarity measure sim(R.,R.,) and let

M, =sim(R..R.,).

Step 2. For each element in M ,

a) Ifi=j, M,;=0;

b) If M, is not among the k largest
similarities in M., M, =0.

Step 3. Do M xU and name the result as x.
Step 4. For each element in x,

c) IfU #0, x,=0;

d) If x, is not among the N largest
recommendation strengths in x, x, =0.

End.

In Step 2, the algorithm selects & neighbors of
each item, and change non-k similarities into
zero, which leads to a loss of information. Besides,
binary information only reflects the historical
behavior without feedbacks. For this reason,
ratings are introduced to express the attitudes
of users. To accurately convey the experiences
and preferences of users, this paper addresses
the HFLTSs. Then, the tradition top-N method
is improved by reducing information loss and
combining the HFL-MAPPACC method.

2.2 The hesitant fuzzy linguistic term sets

When making assessments, decision makers may
hesitate among several linguistic terms, such as
“between high and very high” or “lower than
good”. To flexibly describe such situations, the
concept of HFLTS was introduced by Rodriguez
etal. (2012).

Definition 1 (Rodriguez et al., 2012).
S, ={s,la=0,1, ---, 1} is set to be a linguistic
term set. A hesitant fuzzy linguistic term set
(HFLTS), Hg, is an ordered finite subset of
consecutive linguistic terms of S .

Referring to the subscript of linguistic term set
(LTS), Xu (2005) proposed a symmetric scale:
S, ={s,la=-1, ---, =1, 0,1, ---, t} . The similar
attitude such as “indifference” or “fair” is denoted
as s, . The positive and negative subscripts directly
show the attitudes of decision makers. Hence, the
symmetric way is applied.

The LTS, S, should satisfy the characteristics:

1. ifandonlyif a>p, s, >s,;

o

2. there is the negation operator: neg(s, )=s_

For s,, s, € S, some operational laws for LTS are
introduced (Xu, 2005):

3 S Os,=5,,.

b

4, HSa=Sua;

b

5. M, ®sy)=ps, +us,,

The operation results should be within the
interval s__, s, (Liao et al., 2014). For example,
if 5,,, >s,, then the result of s, ® s, should be s .

Definition 2 (Zhang & Wu, 2014). Let
Hg (i=1,2,..,N) be a collection of HFLTSs.
The hesitant fuzzy linguistic weighted averaging
(HFLWA) operator is

HFLWA(H, H,...H) ) =®, (w,H})

(1)
= S
US‘W)I EHé,s¢(/)2 GH§ ,...,s¢(,)n eHéy { zilw’¢(l)i }

where w=(w,, @,, ..., @) is the weight vector of
H; (i=1, 2, .., N) with ¢ e[o, 1] and ZL@_:].
Moreover, if @, =1/N , then the HFLWA operator
is reduced to the hesitant fuzzy linguistic
averaging (HFLA) operator.
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2.3 The Classical MAPPACC Structure

The MAPPACC method is based on a pairwise
comparison of alternatives relative to each pair
of criteria. To constitute a complete preorder, the
relations of preference and indifference (P&I)
are introduced. Moreover, by aggregating these
preferences, it derives preference indices of
alternatives and get their final ranking. Its steps
are briefly described as follows:

1. Comparison: the first step is to normalize the
matrix and get the weights of criteria. Then,
the evaluations of every pair of alternatives
should be compared under each pair of
criteria so as to get the pairwise relations of
preference and indifference (P&I).

2. Calculation: based on the comparison results,
the preference indices can be derived so that
the preference matrices related to each pair of
criteria can be obtained.

3. Aggregation: aggregate the
matrices to get the global matrix.

preference

4. Ranking: by dealing with the global matrix,
the ranking results can be determined.

3. The Proposed Model with HFL-
MAPPACC

3.1 The Data Processing for HFLTSs

The normalization of HFLTSs and the model to
derive the weights of the criteria are presented.
Different items b, (i=1, 2, ..., n; b,e B) are
evaluated by users under certain criteria c;
(j=12, ..., m ¢ € (C). The evaluations are
extracted based on the following scale for the
LTS (S:{sa|a:—r, -, =1,0,1, -+, 'c}) Then,
the original decision matrix would be formed
with HFLTSs. To explicitly express the process,
the general form of evaluation matrix is given.
The original evaluation matrix of the user A is
constituted as follows:

H{' H{ H{"

; HZ] HZZ . H2m
(#),, =0 (2)

H;l H;Z H;m

Each row in the matrix represents the evaluation
for one item or alternative. Because the pairwise
comparison and computation will be implemented,

b,, b, € B are used to represent two different items,
where r=1,2,...,n s=12,...,n. Similarly,
¢, ¢, €C h2k; h=12, ...om; k=12,...,m.

3.1.1 The Normalization of HFLTSs

According to the classical MAPPACC method,
it is necessary to standardize the elements in the
original evaluation matrix. There is the condition
that HFLTSs have different numbers of linguistic
terms. To facilitate the operations among HFLTSs,
the shorter HFLTS is often extended by adding
some terms so that they all have the same length.
To minimize the influence on the original data and
the following operations, the score function result
of the shorter H is utilized as the element added
to itself.

Definition 3. For a HFLTS H=
S¢(1)‘S¢(;) €S;1=1,2, ..., #H; The score
function is obtained by Liao et al. (2015) :

1 #Hy

pH;)= #H 2iet Soy S50y = s ) (3)

HHg =t

After the extension, the number of elements in
a HFLTS should be updated, and #L is used to
denote the final length of this HFLTS. According
to the statistical knowledge, neither the score of
HFLTS nor the variance function is affected. The
variance function can be obtained as follows:

l 2
G(HS)I#—LZZ (%(z) _Se?(l)) (4)

After the extension, these linguistic terms can be
arranged in a descending order or in an ascending
order by comparing the subscripts of every
element in the HFLTS. Hence, the normalization
step is finished and the normalized HFLTSs
(NHFLTSs) are achieved.

3.1.2 The Model for Deriving the Weights
of the Criteria

Considering that the weights of criteria would
play a huge influence on the final rankings, it
is essential to guarantee its rationality. Because
of the limitation of knowledge, sometimes it is
irrational for decision makers to determine the
whole weights of criteria. Maximizing deviation
method (Wang, 1997) is an effective method to
reduce subjective impacts. According to this
method, if the performances of alternatives under
some criteria are quite different than under other
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criteria, which can be shown through larger
deviation degrees or distances, these criteria play
important roles in the decision-making process.
So, they should be paid more attention and the
weights assigned to them should be relatively
larger. The distance measure can be applied to
derive the criteria weights.

Hamming distance is often used to measure the
distance between two HFLTSs. With NHFLTSs,
the distance measure can be easily processed.
Liao et al. (2014) defined the Hamming distance
measure as follows:

1 72y _ 1 #L |¢(Z)1_¢(1)2|
W)= 2 S

where ¢(l )1 and (15(1)2 denote the subscripts of
the /-th element in H, and H. respectively.
The smaller the distance measure is, the smaller
the difference between the two NHFLTSs. It is
obvious that d(Hg,Hy)=d(H;,Hy).

(5)

Hence, the distance between the item b, with the
other items b, related to the criterion ¢, is:

d(c;(b,))=2" d(HI,H), r=1,2,..mj=12,..m (6)
where H! and H{ are the evaluations of the items
b, and b, under the criterion ¢, respectively. Let

d (cj) express the total difference which is relative
toc,;.
J

dfe)=30 (e 0)=3, a2 1) j=12m (7)

As it has been mentioned, the greater the difference
is, the more important the criterion should be.
Then, the model can be set up:

Model 1
max f (@)= Z’;’:l w;d (Cf ) = 21, Z::I ZZ:I wfd(H»;j’H;j)

w5 .
s.t. Z/zlw/ =1, @, 20,j=1,2,..,m

(8)

The following Lagrange function is created for
solving the model above:

Lag(w.8)=3. Y, 3w d(H3.85)+ (37 2 -1)  (9)

After solving the Lagrange function, the weight
vector is obtained:

p— ijlzjzld(Hg’H;j)
j - m n n ¥ sj 2
\/Z/:][Zr:lz.vzld(Hj/’H; ):|

j=1, 2, e, m (10)

Besides, @ ; also needs to be normalized so as to
adapt to the traditional usage. So, let

(11)

_ / m
W, =, Zj:lw/

From the above equation, it results

Xyl
XSS ()

3.2 The HFL-MAPPACC Method

j=L2, .. m (12)

In this subsection, the comparison scheme should
be set and carried out. After that, the pairwise
relations of P&I can be obtained and the basic
preference indices can be calculated.

Up to now, scholars have developed various
methods to compare HFLTSs. Rodriguez et
al. (2012) used the envelopes of HFLTSs to
make comparisons. But, it is an interval-valued
linguistic term (Xu, 2005). The interval form
may lose the initial information in HFLTSs. So,
other scholars presented some novel methods to
overcome the flaw (Wei et al., 2014; Feng et al.,
2018). These methods have different basis and
advantages. In this paper, the new score function
proposed by Wei et al. (2015) is applied. It takes
into consideration the average linguistic term
and the hesitant degree of decision maker. The
greater the mean of linguistic terms in a HFLTS
1s, the better the HFLTS should be. Besides, if the
HFLTS has a higher degree of hesitation, which
is shown by more terms of it, its reliance would
decline and the score would decrease.

Definition 4 (Wei et al., 2015). To distinguish
the new score function from the one mentioned
in Definition 2, its name is replaced with the
comparison function.

Let §={s,Ja=-1, -, =1, 0,1, -+, 7} be a LTS.
For a HFLTS H, ={s, [, €S: 1=1 2, ., #L}.
the comparison function is denoted as:

LS (p(1)-6 (1))

G(H)=F (1)~ #L=" (13)

var(7)

where é(1) :;_Lzzﬂl) , and

r)2 +---+(71)2 +(1)2 +---(r)2 ]
27 +1
Hence, the following comparison can be executed:

var(7) = (-

. If ¢(Hy)>¢(H3), Hy>H;;

2. If g(Hy)=¢(H;), Hy = H;.
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Then, the evaluations of a pair of items
(b.,b,) (b,,b, eB,b #b) can be compared
under the pair of criteria (c,,c,) (¢,,c, €C,
¢, #¢,), which are denoted as H}', H}', HY
and H}' . Let 7, (b,,b,) be the basic preference
index relative to the pair of alternatives (b,,b,)
and to the criterion (ch ,ck) , SO

AIS 7, (b,)=

1 0 itH > H'and H > H!

0 1 ifH, <H andH <H

05 05 ifH, =H, amdH, =H

wd(H 4, wd(H H) [ <]

1

wd(H! ) Vowd (B D) wd (B )+wd(H 1) H = H adH] <H!

wd(H! 1) wd(H! 1) . HY <H' andH' > H'

wd(H!H Jowd (B H!) wd (BB )ewd (B H) | H <HawdH =
(14)

For Vb,,b, e A(b, #b,) and Vc¢,,c, €C(c, #¢,),
the following properties are true:

1' ﬂ-hk(br’bs)—l_ﬂ.hk (bs’br):1 ,

2. 0< 7, (b,.b,)<1.

Moreover, the relations (P,,[,) of two
alternatives  b,,b, (b,,b, €4, b, #b) can
be obtained with respect to the two criteria

c,,c(c,c,eC,c,#c,).
bPb =12x,(b.b)>05>7x, (b,b)=0
b 1yb, = 7y (b..b,) =7, (b;,b,)=0.5

where b P, b represents the preference relation
that “b, is strictly preferred to b, related to
the criteria ¢, and ¢, ”, and b1, b is the
indifference relation that “b  is indifferent to
b, with reference to the criteria ¢, and ¢, ”. It
should be noted that 7, (b,,b,)= 7, (b,,b,)
=0.5 isnot equal to H' =H}' or H* =H} . If
w,d (H{ \H')=wd(H{ H{) =0.5 happens, it
should be taken into account “ b, is indifferent to
b, with reference to the criteria ¢, and c, ”.

According to the basic preference indices, the
N x N square matrix IT,, can be obtained:

Hhk:[”hk(b b,)], r=12,....n; s=12,....n

r> s

(15)

By repeating the procedure above, all the
1 M (M —1) matrices can be obtained, for each
pair of criteria (c,,c,) (c¢,,c, € C,h<k). Then,
all the matrices can be integrated and the final
N x N square matrix [T can be obtained:

w, +w
m=>1, —+——%* h<k
%‘, " ( ) (16)

In the global matrix, the element can be written
as 7Z'(b b ), which is the weighted sum of

r? s

7y (b,,b,). Besides, 7 (b,,b, )+ (b, b, )=1.

s

Ultimately, the global preference rankings can
be calculated. From the matrix IT, the ranking
indices 5(b,) and &(b,) can be obtained, which
are also the preference degrees, Vb, € B :

5(b) = 7,.b).
5)=3 7..b,).

r#s,r=12, ..., n

(17)

rzs,r=1,2, .., n

Then, the final rankings are obtained by comparing
5(b,) or 5(b,).If 8(b,)>5(b,) , then the active
user prefers the item b, to b,. If 6(b,)=0(b,),
then graph theories are valid to solve the situation
(Matarazzo, 1986).

3.3 The Architecture of the Proposed
Item-based CF Recommendation
Algorithm

In this subsection, the classical item-based CF
recommendation approach is modified and
combined with the HFL-MAPPACC method.

Step 1. Establish the evaluation system and obtain
the original decision matrix.

The evaluation database should be set up. These
assessments are made under the criteria C,
(j=1,2, ..., M). Besides, the users and items
have to be numbered by the time of admission to
the system. Therefore, the set for users is denoted
as 4 (x=1,2, ..., X) and the set for items is
labelled as By (y=1, 2, ..., Y).Because of these
principles, the original evaluation matrix for the
entire database is:

E=(H]

o Dy (18)
where the subscript S of HY is replaced by
x, y for convenience. H ){,y represents that the
evaluations are made by the user 4, on the item
B, under the j-th criterion. M is the number of
criteria and N is the total number of evaluations
in the system. The set of items which the user 4,

has used is named as ®(4, ).

Example 1. Let us take the user 4, ’s profile as
example. A4, has used the items B,, B, and B,
so ®(4,)={B,,B;,B,} and the evaluation matrix
is shown as follows:

H\, H .. H
4 :( iy )N(Al ot Hiy Hiy - Hj (19)
H11,6 H12,6 o Hl,A/é
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Step 2. Normalize, aggregate and derive criteria
weights.

With Equation (3), the added terms can be
determined. Then, the HFLA operator is used
to fuse the pieces of information together in
user’s profile under each criterion. The result is
the average evaluation of every user under the
criterion C;, which can be denoted as H!.

Definition 5. Suppose that H Xj’y represents the
evaluation that the user 4, has made on the item
B, under the criterion C;. H{ can be obtained:

H], =1s (20
’ {N(;x)zﬂyed’(/‘x)‘#(l)”} (20)

where N(4,) is the number of items in ®(4,).
¢(1)i , is the subscript of the / -th linguistic terms
in H/ . Then, Model 1 is used to get the weights
for the users’ matrices. The weights clearly
express the sensitivity of the individuals to each
criterion, denoted as w/ .

;1

H; = N(AX)ZBJ,E(D(AJ

Step 3. Compute the similarity measure between
items and gain the neighbors for every item.

In recommender systems, scholars often use the
cosine similarity measure to effectively compute
the similarity degree within different users or
items. The cosine similarity measure for HFLTSs
has been defined.

Definition 6 (Liao & Xu, 2015). Given two
NHFLTSs H ){,r and H ;Y , which are related to
items B, and B, in the evaluation matrix of 4,
the weighted cosine similarity measure between
them under the criterion C; with the weight w/ is

‘ PRCO I (ZOMETO M)
szm(Br,BN)X: — Ty TRy
PRI RO AU

where ¢(/ )i _and ¢(/ )X' _ are the subscripts of the
[-thtermin H], and H/,.

(21)

However, every user has his/her own evaluation
tendency. For example, the user 4, is strict to
products and the average linguistic evaluation is
approximately s_, . But the user 4, tends to give
evaluations around s, and s,, whose average
linguistic evaluation is about s, . If they both
assess a product as s,, then the latent meaning
is different. s, indicates that this product seems
to be a nice one for the user 4, , while it is barely
satisfactory from the prospect of the user 4,.

Thus, the similarity measure can be improved by
concerning the evaluation tendency, which can be
exhibited through the average evaluation.

Definition 7. H!, and H are the NHFLTSs for
the items B, and B, under the criterion C; given
by A, . H! denotes the average evaluations of the
user A_ under the criterion C ;- So, the improved
cosine similarity measure between B, and B,
from the prospect of 4 is

(5.5 - T (40, o)) (o), -0 ]
S ey, o)) X (e), e ()

(22)

where ¢(l); is the subscript of the /-th
term in H){’r and His . And it is clear that
sim*(B,,B,) =sim"(B,,B,) .  sim"(B,,B,).
falls between (-1, 1). If it equals to zero, then the
two items have no similarity. If the absolute value
of sim"(B,,B, ), is closer to 1, then these items
are more similar. What should be reminded is that
-1 denotes an opposite similarity.

Definition 8. Let U, | be the set of users who have
both assessed items B, and B, (B,, B, € B,). H;
denotes the average evaluations of the user 4,
(4, €U, ) under the criterion C;. H, L{,r and H lfv
are the corresponding NHFLTSs given by 4, on
these items. The improved similarity measure
between the items B, and B, (B,, B, €B,) can
be computed:

T o, S S (00, -0, )-(#(0),, - 00 |
S S S 00, -0 ) S0, ~ot0),)
(23)

where ¢(l);, ¢(l):r and ¢(Z);A are the
subscripts of /-th term in H/, H; and H_ .

sim" (B,,B,)=

The neighbors of the item B, are attained
by sorting the £k largest similarities in
sim (B.,B,) (r#s,s=1,2, .., Y). Different
from the traditional top-N approach, the proposed
method stores the neighbor information without
changing non- k£ similarities into zero.

Step 4. Apply the HFL-MAPPACC method in the
user 4 profile and recommend new items.

In this step, the HFL-MAPPACC method can
be carried out to gain the preference degrees of
the used items in the profile of 4,. Combined
with the similarities of neighbors, the preference
degrees S(B,) make the recommendation list
more personalized.
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Definition 9. The item B, is in the set of neighbors
for the items used by 4 and B, ¢ q)(A)C ) , which
means that B, must be a new item for 4.
According to the ranking result of B, € ®(4, ) and
the improved cosine similarity measure between
B and B_, the recommendation strength is

R(Br)= ZBAeCI)(Ax)é‘(BS)XSim* (Br’Bs)

Finally, the system will recommend the user
A, a set of items, which have the biggest N
recommendation strengths among B, . In next
section, an example will be explained to exhibit
the program. The whole program is illustrated in
Figure 1. Comparative analyses will be carried
out in order to testify the superiority of the
improvements presented in this paper.

Evaluations from users

Normalization of the HFLTSs

| |

Weights of criteria
Collaborative filtering technique | ‘ The HFL-MAPPACC method ‘

(24)

The average evaluation Comparison of HFLTSs

Similarities among items Preference indices

Aggregation of
preference matrices

| [

The neighbor set of used items and
related similarities

K neighbors for each item

Preference degrees of the used items

I |

Top-N recommendations to users

Figure 1. The flow chart for the proposed method

4. An Illustrative Example

In this section, given the stochastic HFLTSs as
the evaluations from users, the proposed method
is illustrated to recommend suitable doctors for
an active user.

4.1 Background and Data Generation

People are forming the habit of getting advices
online first when they feel unhealthy. Therefore,
companies try to provide high quality service
on the mobile platforms. Along with the mutual
interface and mechanism, the service quality
of doctors plays a great influence on the user
satisfaction. When users enter the system, they

tend to select the doctors who are recommended in
the lists. However, users often focus on different
aspects of doctors. Some feel satisfied if they get
quick response, while some users prefer to get
clear explanations of the diagnosis and treatment
plan even if doctors response more slowly. Hence,
it is essential to figure out the preference of users
by analyzing their evaluations and recommending
suitable doctors.

In the example, the active user 4 is using the
platform to get some advices about diarrhea.
There are 50 doctors available and they have
been labelled from B, to Bj,. Besides, 500 users,
including 4,, have made effective evaluations
about their performance from four aspects:
attitude C,, response C,, professionalism C,
and treatment effect C,. The number of doctors
that each user has consulted are stochastic numbers
from 3 to 10, and their labels are generated
among B, (j<50) without repetition. Then, the
evaluations are randomly generated in the form of
HFLTSs based on the following linguistic term set:

_|sa=very bad,s_, =bad,s_, =slightly bad,s, = fair,
- s, = slightly good, s, = good s, = very good

The lengths of HFLTSs are randomly different but
no more than 3. This method will be illustrated
based on the generated data.

4.2 The Numerical Example

Based on the proposed item-based CF method,
the recommendations are completed step by step:

Step 1. The profile of 4, shows that 4, has
consulted four doctors B,, B,, B,, and B,
successively. ®(4,)={B,, B, B, B} . The
original evaluations in the profile of 4, is:

{se-s0.8) {ses} {580} {s}
4= {s18,} s} {5} {82085}
1 {s0>8} {s,} {s.8)  {51,8,,85}
{s05,} {0} o8} {s.

Step 2. Because the lengths of the HFLTSs
are different, the normalization step should be
carried out. For example, H,, ={s,,s,} should be
extended by adding its score 55, =5,,,,, =5, and
Hll’34 = {so,sl} is updated to {Sl,Sl'S,Sz} . Then, the
elements are ordered in every HFLTS. After the

normalization, the matrix is changed into:
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{so,sl,sz} {so,sl} {sﬁl,so} {sl,s,,sl}
4= {s],s].s,sz} {s],sz} {sz,sz} {sz,szls,sz}

{so,so_S,sl} {sz,sz} {sl,sz} {sl,sz,s3}

{sl,sl_s,sz} {so,so} {so,sl} {sz,sz,sz}

Using the HFLA operator, the information can be
aggregated and the average evaluation H? of 4
can be obtained:

H{z({so.sasl.ns’sms} {So.7sas1.25} {30.25951,25} ‘{51.5»51,375752.25})

According to Model 1, the weights of criteria
that belong to the user 4, are obtained.
w/ =(0.145,0.29,0.352,0.214), which indicates
the user is more sensitive to the professionalism
of doctors and their speed of response.

Step 3. Actually, the first two steps are also
happening when other users come into the system.
At the same time, the similarities among doctors
will be updated regularly. To concisely show the
way of getting the similarity results, the process
of similarity computation of the doctor B, with
the four doctors B,, B,, B,, and B, who are
in the profile of the user 4,, is introduced. After
viewing the dataset, the information of users who
have consulted these doctors is extracted. The
similarities from the individuals’ point of view
are obtained by Formula (22), a part of which are
shown in Table 2. Besides, the final similarities
computed by Formula (23) are also exhibited.

Table 2. The similarities for pairs of doctors from
personal prospects and the public view

As depicted above, individuals may express
different opinions about the same doctors. When
4,, and 4, give similar evaluations on B, and
B,,, the user A4, expresses an nearly opposite
attitude towards them with the similarity degree
of -0.93. The final similarity measure between 5,

and B, is 0.248, indicating a moderate extent of
similarity. The final similarity measure for B, and
B,, is -0.316 while -0.307 is the final similarity
measure between B, and B,,. The negative
numbers show that the service provided by the
doctor B, is at a different level compared with that
of the doctors B, and B,, . These similarities from
the perspectives of individuals and the public can
be stored in the database which must be updated
regularly with increasing evaluations. Moreover,
k equals to 10 in this example. The neighbors of
the doctors B,, B,,, B,, and B,; are shown in
Table 3. The neighbor sets are also stored in the
system. When users search, these data can be used
to get the recommendations.

Step 4. When the active user 4, is looking for help
on the platform, the preference degrees of the used
items should be computed by the HFL-MAPPACC
approach. The evaluations of four doctors should
be compared under these criteria by Function (13).
The results are shown in Table 4.

Table 4. The comparison scores ¢

The C C, C, C,
AZI A35 A67 public
B, | 0.833 | 0.4375 | -0.5625 1
B xB,| 0.05 0.248
B, | 1.4583 | 1.4375 2 1.8333
B xB,| 078 | 045 | -093 | -0316 12
B, xB,, -0.02 20307 B,, | 0.4583 2 1.4375 | 2.4583
B1 X BIS 0.33 0.063 BIS 1.4583 0 0.4375 2
Table 3. The neighbor sets
Doctors The k neighbors The union of neighbors
B B,,B,,B,,B,,,B,9,B;5,Bs,Bs,B,,, B,
4 { 1 2 26 27 29 35 36 38 40 41} BI,BZ,B3,Bs,BS,B9,B]0,
B, {B,,B.,B,.B,,By.By,B,, BBy, By} |Bis:BisBis:BirsBis: Bros
BZI’BZS’BZG’BN’BZQ’B}O’
By, {Bs’B9’Bls’B|8’Bl9aBsssBs99B47sB49aBso} By, By, By, By, By, By, B,
B,.,B..B,.B.,B,,B,,B
By {BI’BG’B83B9’B10’B21’BZS’B37’B40’B46} He e e e
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Because  ¢(H),)=08333<¢(H,,,)=14583
and ¢(H},)=04375<¢(H},)=14375, it is
obvious that B, has a better performance than
B, regarding to the pair of criteria C, and C,.
Then, 7,°(B,,B,)=0 and (B, B,)=1.
When comparing the doctor B, with By, , it can
be seen thatg(H,)=0.8333>¢(H,,)=04583,
but g(Hf4 ) =0.4375> g(HfM) =2. The result of
comparison meets the fourth condition mentioned
in Equation (14). Thus, the preference index of the
doctor B, with B;, related to the pair of criteria
C, and C, is derived:

Wlld(HllAsHll,u)
wid (H,  H\ )+ wid (H} L HY)

1,34

7% (B,,By) = =0.143

Hence, 7, (By,,B,)=1-x(B,,B,,)=0.857 .
It implies that the doctor B;, has a better
performance than B, considering the attitude
of service and the speed of response. Repeating
the procedure, the computation for preference
indices can be finished. As shown below, the
preference indices with 6 pairs of criteria have
been accomplished.

05 0 0.143 0.667] 05 0 009 0 ]
" 1 05 05 1 s | 105 1 1
" “l0857 05 05 08 " 710907 0 0.5 0.708
0333 0 02 05 | 1 0 0292 0.5 |
0.5 0 018 0 [ 05 0 0 0.292]
M 1 05 0575 0 » 1 0.5 0548 1
"losie 0425 05 0425 T| 1 o042 05 1
1 1 0575 05 | 10708 0 0 0.5 |
0.5 0 0 0.404] 05 0 0 0
_— 1 05 0 0753 | 1 05 0622 0787
! 1 105 1 ! 1 0378 05 1
0.596 0247 0 0.5 | 1 0213 0 0.5

By aggerating all the matrices together, the global
matrix of the user is obtained:
0.5 0 0.058 0.227
0 - 1 0.5 0542 0.8
' 10943 0459 0.5 0.855
0.774 0.201 0.146 0.5

By Function (17), the preference degrees can be
gained by adding the elements in each row of IT, ,
except for the preference indices of each doctor
with themselves.

5,(B,)=0+0.058+0.227 = 0.285
5 (
5 (

(

5, (B

B,)=1+0.542+0.78 =2.322
BS4

;) =0.774+0.201+0.146 = 1.121

)=0.942 +0.459+0.855 = 2.257

1

Therefore, the final ranking is B, > B,, > B; > B,
with ranking indices 2.322, 2.257, 1.121, and
0.285. For the user 4,, the performance of the
doctor B,, win a razor-thin victory along with that
of B,,. B, has certainly left a bad impression on
this user. With the ranking indices, it is easy to
derive the suitable recommendations for the user
A, . With Equation (24), the ranking indices and
the similarity information of the k& neighbors
with the consulted doctors, the recommendation
list is {BS’B9’B33’B49’B16’B39’ BmstwBso’Bw}
in descending order of recommendation strengths.

5. Comparative Analysis

In this section, the validity of HFL-MAPPACC is
verified initially. By a comparative analysis with
other classical method, the strengths of the HFL-
MAPPACC are also conveyed. Then, because some
operations in traditional top-N method have been
changed, it is necessary to compare the results
generated by the traditional method with the results
obtained in the method proposed in this paper.

5.1 Comparison with Other Decision-
Making Methods

The comparative analysis is based on the example
of the user 4, in Section 4. Before comparing the
results, the basic backgrounds for these methods
are illustrated in Table 5. In addition, if the method
does not introduce the means of getting weight
vector, the weight vector is supposed to be the
same as that derived by the method presented in
this article where w’ =(0.145,0.29,0.352,0.214).

Both the BR-method and the LW-method consider
multiple criteria but overlook the weights in the
specific computation. In the LX-method, &
affects the element added in the shorter HFLTS
in the step of normalization, and p decides the
HFL Euclidean distance measure. & represents
the preference of the user over different criteria.
& expresses the relative importance between the
distance of alternatives with the maximum HFLE
and the distance of weights with the biggest weight
of criterion in the LW-method. &, o and u are
the thresholds to carry out the PIR framework in
this method. The weights in the DC-method are
also derived by maximizing deviation method.
But because it develops a new fuzzy envelope and
cosine similarity measure, the results of weights
are quite different from that in this method,
especially for the criteria C, and C,. The method
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Table 5. The basic backgrounds of different decision-making (DM) methods

Methods The DM method Parameters
Our method MAPPACC w’ =(0.145,0.29,0.352,0.214)
BR-method (Beg & Rashid, 2013) TOPSIS No parameters and weights
. £=05p=1,0=05
LX-method (Liao et al., 2015) VIKOR W o= (0.145’0.2970.35230.214)
LW-method (Liao et al., 2018) ORESTE £=05,5=0.002, 0=0.001, x=0.0005
DC-method (Dong et al., 2018) QUALIFLEX p=q=1, w = (0.175,0.24,0.184,0.403)

with these two different weights is carried out to
see the differences. p and g can influence the BM
operator which is an important tool to transform
HFLTS into its envelope in the DC-method.

The ranking results of the five methods are
shown in Table 6. They are highly consistent,
which can tell that the present method is
very effective, while the DC-method gains a
moderately distinct ranking.

Table 6. The ranking results of different methods

Methods The ranking results

Our method B, =B, - B>~ B,
BR-method B, =B, =~ B > B,
LX-method B, =By, = B~ B,
LW-method B, = By, = B; - B,

B, = B, = B,, = B, with
DC-method )

w = (0.175,0.24,0,184,0.403)

Blz - B34 - Bls > B4 with

DC-method

w' =(0.145,0.29,0.352,0.214)

Delving into the original reason, it could be found
that the DC-method improves the cosine similarity
with the hesitant degree of every HFLTS. In the
present example, HFLTSs are in different lengths,
especially under the criterion C,, resulting in a
bigger weight of the criterion C,. The evaluation
of B,, under the criterion C, is {sl,sz,s3} , but
for B it is only {sz} which has an advantage
over the hesitant degree. Hence, with the weights
derived by its improved similarity measure, B,
behaves better than B,, . Since this ranking result
has been testified to be effective, their advantages
and shortcomings should be discussed:

1. The BR-method: its computations are based
on the envelope of HFLTSs. Although it

makes the whole process easier to carry out,
information may get lost in dealing with
massive data. In the proposed method, the
original evaluations are retained and the
personal attitude are considered towards
different criteria, which makes it more
adaptive to the complex environment.

2. The LX-method: the HFL-VIKOR method is
a good tool to reach the balance between the
total community and individual satisfaction.
But the purpose of recommender system is
to provide personalized recommendation for
individuals, which is the focal point of the
method proposed in this paper.

3. The LW-method: this method needs to set
some thresholds to form PIR framework and
the final strong rankings. When o =0.01,
1 =0.005, the results show that B, and B,,
are indifferent. When o =0.015, 4 =0.075,
it turns out that B,, B;, and B, have no
difference. It is hard to decide the suitable
thresholds for individuals. That will be an
unstable factor in the system and affect the
accuracy of recommendations. Moreover, it
requires individuals to give weights in the
form of HFLTSs which is difficult to obtain
directly from users.

4. The DC-method: it transforms the HFLTSs
into its fuzzy envelope so that the lengths
of HFLTSs play no role in the computation.
Besides, the hesitant degree is taken into
consideration throughout the whole system.
However, the QUALIFLEX approach
should enumerate all the possible ranking
conditions. The permutation with largest
concordance/discordance indices is the best
condition. Apparently, the final two steps
cost much time with massive alternatives.
Moreover, the indices only manifest the
scores of each permutation without showing
the concrete advantage of each item over the
others, which provides no assistance in the
recommendation programs.
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5.2 Comparison with Original Top-N
Method

The proposed method improves some aspects of
the traditional top-N method. In this subsection,
the superiority of these advancements is testified
by comparison. The first improvement is getting
the k£ neighbors of each item but retaining other
similarities without changing them into zero. The
second one is using the HFL-MAPPACC method
to gain the preference degrees of the used items,
and taking the results as weights to aggregate
these similarities. To carry out the comparison
comprehensively, various conditions are set to
see the differences (Table 7). In these conditions,
“neighbors” denotes the scheme of choosing items
which have the £ biggest similarities with used
items. “zero” means that the procedure changes
the similarities of non- % neighbors into zero.
And if the condition applies the HFL-MAPPACC
method, it concerns the preferences of users. What
should be reminded is that Condition 3 is the
present method, and Condition 6 is the traditional
item-based top-N method.

It is obvious that the recommendation lists of
Conditions 1 and 3 are highly consistent. The
results of Conditions 2 and 4 are equal. But the
results under the strategy of changing non- &
similarities into 0 are quite different from others.
By comparing these results, it can be concluded
that the strategy of selecting the k& neighbors
without changing others into zero can remain the
accuracy of recommendations. Meanwhile, after
applying this strategy, only 33 items are needed
to be ranked in the final step rather than all 50
items. If the database contains more items, then
the efficiency will also improve.

As shown in Table 7, B, is in the lists of Conditions
2, 4 and 6. Besides, it even exceeds B, in the

final condition, while B, has a good performance
under other conditions. Tracing back the
similarities of B, and B, with {B,,B,,,B,,, B},
it is found that the data related to B, is (0.248,
-0.316, -0.307, 0.063), which indicates that B,

is more positively similar to B, and B, through
the public awareness. And B, is the neighbor of
B, and B,5. The relevant similarities of B, are
(-0.327,0.053, 0.202, -0.098) whose performance
is more akin to those of B, and B,,. So, when
the algorithm does not apply the HFL-MAPPACC
method to manifest the preference attitudes of the
active user, B, surpasses many doctors by a higher
score, especially with the strategy of changing
non- k£ largest similarities into 0. For instance,
the final score of B, is 0.311 in Condition 6, but
B, gets 0.255 whose similarities with B, and B,,

are retained in the computation. However, B, and
B,, are more likable for the user 4, based on
the rankings. The chance is that 4, has better
impression on B, rather than B, . Hence, the HFL-
MAPPACC method can help the system to derive
more personalized lists.

6. Conclusion and Future Work

Aiming to better clarify the preference of users
and meet their vague necessities, uncertain
linguistic evaluations related to multi-criteria
items are paid attention in this paper to accomplish
the personalized recommender system. A novel
cosine similarity measure of HFLTSs is proposed
to mitigate the effect of individual evaluation
tendency and ascertain the realistic attitude
of the public. Besides, by executing the fuzzy
MAPPACC approach, the proposed algorithm
demonstrates the preferences of each user for
purchased items and combines them with the
similarities so as to gain the recommendations.

Table 7. Strategy taken and results under these conditions

Condition | neighbors zero MAPPACC the top-ten items
1 - - - {B,,B,,By;,B,y, B, By, B, By, By, By, |
2 - - - {B,.B,,B;,B,,B,,,B,,By,B;;,B,.,B, }
3 v - v (B, By, By,, Biy, Bigs By, By, Bry, By, By }
4 v - - {B.y, By, B,,B,y, Byy, By, Byy, By, Byy, By}
5 v v v {B,, By, B,, By, By, Byy. By, By, Byo, By |
6 v v . {B,,B,,B,,,B,,B,,B,,,B,, By, B, B, }
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Therefore, the chances are that the final
recommendations can be chosen and liked by the
active users. The proposed approach has been
implemented in the case of recommending doctors
on the online platform, which is innovative for
the application of recommender systems. By
comparative analysis with classical multi-criteria
decision-making methods, the proposed method
offers stable and personalized recommendations
without losing much information.

Considering the hypothesis and theory, the
proposed method still has some limitations. For
the reason that uncertain linguistic evaluations
contain more complex information than numerical
numbers, its recognition and computation are
more complicated as well. Simultaneously, it
consumes much time to accomplish the algorithm,
and operation costs are expensive to maintain
the system. Besides, the advantages of the new
algorithm have been theoretically analyzed
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