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Received 2 December 2021; Accepted 23 March 2022; Published 29 April 2022

Academic Editor: Kamal Kumar

Copyright © 2022Murat Olgun et al. �is is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

�e concept of entropy is one of the most important notions of the information theory. Entropy quanti�es the amount of
uncertainty involved in the value of a random variable or the outcome of a random process. Shannon’s entropy is one of the most
useful entropy types.�e notion of enthalpy is the information energy expressed by the complement of Shannon’s entropy. In this
paper, we propose the concept of interval-valued hybrid enthalpy fuzzy set by modifying single and interval-valued fuzzy
multisets. In this context, an interval-valued hybrid enthalpy fuzzy set contains information about both the data and their entropy.
We also provide a cosine similarity measure between interval-valued hybrid enthalpy fuzzy sets. Using this cosine similarity
measure, we propose a TOPSIS approach for multicriteria group decision making. Moreover, we apply the proposed TOPSIS
method to a research assistant selection problem, and we compare the result with the result of a classical TOPSIS method.

1. Introduction

�e primary principle behind the notion of fuzzy set is that
an element’s membership degree cannot always be 0 or 1 to a
set, but they may instead be between 0 and 1. To model this
pneumonia, Zadeh [1] generalized the concept of charac-
teristic function of crisp sets to the concept of membership
function of fuzzy sets. As a result, ambiguous information
that cannot be expressed without loss of information can be
easily modeled via fuzzy sets. Later, Zadeh [2] combined
fuzzy set theory with interval mathematics to better express
the uncertain information and proposed the notion of in-
terval-valued fuzzy set (IVFS). Actually, interval mathe-
matics is a type of information theory that is linked to fuzzy
logic but independent from it. An IVFS is de�ned with the
help of an interval-valued membership function. �e main
characteristic of an IVFS is that the values of the mem-
bership function are intervals rather than exact numbers.
�e uncertainty reduces in fuzzy environment, when the
degrees of membership function is expressed with ranges

instead of certain numbers [3–5]. Moreover, these concepts
have been used to solve various multicriteria decision
making (MCDM) and multicriteria group decision making
(MCGDM) problems by several researchers [6–8]. In a
MCDM or MCGDM problem in the fuzzy environment,
decision makers (DMs) assess each alternative in terms of
con¡icting criteria by using the concept of membership
function. However, a DM may face some di£culties while
determining membership degrees of elements since an exact
value has to be assigned to them between 0 and 1.

Yager [9] proposed the concept of fuzzy multiset (FMS)
as a generalization of fuzzy sets (FSs). In an FMS, the
membership degree of an element is represented as a �nite
sequence of the same or di¦erent fuzzy values and so it
prevents the loss of the repetitive information. Later, Pra-
manik et al. [10] introduced the concept of interval-valued
fuzzy multiset (IVFMS). In this fuzzy environment, the
membership degree of an element is represented as a �nite
sequence of closed subintervals of [0, 1]. Recently, re-
searchers have focused on hybrid information. For example,

Hindawi
Mathematical Problems in Engineering
Volume 2022, Article ID 2501321, 8 pages
https://doi.org/10.1155/2022/2501321

mailto:munver@ankara.edu.tr
https://orcid.org/0000-0002-8660-5435
https://orcid.org/0000-0001-5736-839X
https://orcid.org/0000-0003-2841-6529
https://orcid.org/0000-0002-0857-1006
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2022/2501321


Jun et al. [11] have proposed the concept of cubic sets (CSs)
by uniting FSs and IVFSs. Ye et al. [12] have proposed a new
fuzzy set concept by integrating single-valued and interval-
valued neutrosophic sets in the meaning of fuzzy multiset
theory. Regarding a special case of the single and interval-
valued hybrid neutrosophic multivalued set (SIVHNMVS)
[12], we can introduce the notion of single and interval-
valued hybrid fuzzy multiset (SIVHFMS) by considering the
truth membership function in SIVHNMVS. (e purpose of
the present study is to introduce a new hybrid fuzzy set
which is called single and interval-valued hybrid enthalpy
fuzzy set (SIVHEFS) with the help of single and interval-
valued hybrid fuzzy multisets (SIVHFMSs).

An enthalpy value is expressed by the complement of
Shannon’s entropy [13] which is a useful measurement
method, and it is used to measure the uncertainty in ran-
domly distributed data in information analysis. Fu et al. [14]
have proposed the concept of entropy fuzzy set for FMSs,
and the concept of enthalpy value has been introduced by Ye
et al. [15] for neutrosophic multivalued sets. In this paper, we
focus on SIVHEFS and its MCGDM applications. A SIV-
HEFS is characterized with a pair of membership terms. (e
first complement of this pair is again a pair which consists of
the average of the single part of the sequence and the average
of the sequence of intervals. (e second complement of this
pair is also a pair which consists of the enthalpy of the single
part of the sequence and the enthalpy of the sequence of
intervals. (erefore, a SIVHEFS contains not only the level
of the average of the data but also the degree of the un-
certainty of the data via enthalpy. Consequently, a SIVHEFS
can better model uncertain information by using hybrid
data. Our main aim is to introduce a new technique for order
of preference by similarity to ideal solution (TOPSIS)
method. In this method, it is aimed to find an alternative
which is the farthest distance from the ideal worst solution
and the shortest distance from the ideal best solution. (is
method frequently has been used to solve MCDM and
MCGDM problems in several fuzzy environments. For
example, Ashtiani et al. [16] proposed an interval-valued
fuzzy TOPSIS method which was presented for solving
MCDM problems in which the weights of criteria are un-
equal. Gündogdu and Kahraman [17] introduced an in-
terval-valued spherical fuzzy TOPSIS method to solve a
MCDM problem. Garg et al. [18] proposed a new TOPSIS
method based on the complex interval-valued q-rung
orthopair fuzzy set. Wang et al. [19] have introduced a
TOPSIS method for interval-valued q-rung dual hesitant
fuzzy sets. Huang et al. [20] have presented aggregation
operators for spherical fuzzy rough sets (SFR), and they have
used them to propose a new TOPSIS algorithm in spherical
fuzzy rough environment.

In this paper, our aim is to present a new hybrid fuzzy
set which is called SIVHEFS and an enthalpy-TOPSIS
method based on the Choquet integral [21]. For this
purpose, first, we construct a cosine similarity measure
with the help of the Choquet integral to determine the
distances used in TOPSIS approach. A similarity measure
is an important tool to measure the degree of similarity
between two mathematical object, and it has been studied

by many researchers to solve MCDM problems in several
fuzzy environment [22–24]. (e concept of cosine simi-
larity measure for fuzzy sets is defined with the help of
cosine of the angle between the vector representations of
fuzzy sets [25]. We also give a score function to compare
SIVHEFSs. (e reason we use Choquet integral when
constructing a similarity measure is that Choquet integral
takes into account the interaction between criteria with
the help of a fuzzy measure [26]. (erefore, we determine
a λ−fuzzy measure [26, 27] and so we can calculate the
furthest and shortest distances with the help of the
similarity measure. Finally, we apply the proposed
TOPSIS method to a research assistant selection problem
to demonstrate its feasibility and effectiveness.

(e objective of this paper is to propose the concept of
SIVHEFS in order to better model the single-valued and
interval-valued information given in fuzzy multi environ-
ment by using the concepts of enthalpy and average value,
and to present a TOPSIS application of this concept with a
help of Choquet integral. Main contributions of this paper
are summarized as follows:

(i) We propose a new hybrid fuzzy set which is called
SIVHEFS by transforming the notion of SIVHFMS.
A SIVHEFS that is based on the average values and
the enthalpy value can give reasonable hybrid in-
formation about sequences in a FMS and IVFMS.

(ii) (e concept of SIVHEFS reduces the dependence of
information on the length of the sequence in FMS
and IFMS and presents the hybrid information in a
more compact form.

(iii) (e concept of SIVHEFS contains statistical in-
formation with the average of the membership
sequences as well as enthalpy value which is con-
structed with the help of Shannon’s entropy that
calculates the amount of the uncertainty of the
information of an event.

(iv) Choquet integral is a generalization of the arith-
metic and weighted means, and it takes into ac-
count the interaction between criteria via fuzzy
measures. (erefore, the proposed cosine similarity
measure is relatively sensitive.

(v) (e proposed score function provides a useful
ranking method for intervals thanks to aggregation
operators.

(vi) (e developed enthalpy-TOPSIS approach not only
improves the decision-making reliability but also
supplies a new influential way for DMs.

(vii) Table 1 gives the comparison of SIVHEFSs with
some existing fuzzy sets.

(e rest of the paper is organized as follows. In Section 2,
we recall the concepts of SIVHFMS and Shannon’s entropy
and we propose the notion of SIVHEFS. We also recall
definitions of the fuzzy measure and Choquet integral. (en,
we present a similarity measure based on the Choquet in-
tegral between SIVHEFS. In Section 3, we provide a new
TOPSIS method and a score function for SIVHEFS. Later,
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we give the decision steps and apply it to a research assistant
selection problem. We also give a comparative analysis with
the classical TOPSIS method. In the last section, we conclude
the paper.

2. Preliminaries

In this section, we introduce some fundamental concepts of
SIVHFMS and enthalpy. We also define the notion of
SIVHEFS, and we provide a cosine similarity measure be-
tween SIVHEFSs based on the Choquet integral.

Definition 1. Let X � x1, . . . , xn􏼈 􏼉 be a finite set. A single
and interval-valued hybrid fuzzy multiset (SIVHFMS) on X

is given with

A � xi, μj

A xi( 􏼁􏽮 􏽯
δi+τi

j�1􏼜 􏼝 : i � 1, . . . , n􏼚 􏼛, (1)

where μj

A(xi) ∈ [0, 1] for any j � 1, . . . , δi and
μj

A(xi) ∈ I[0, 1] are intervals for any j � δi + 1, . . . , δi + τi,
i.e.,

A � xi,

μ1A xi( 􏼁, . . . , μδi

A xi( 􏼁,􏼐

μδi+1
AL xi( 􏼁, μδi+1

AU xi( 􏼁􏽨 􏽩, . . . , μδi+τi

AL xi( 􏼁, μδi+τi

AU xi( 􏼁􏽨 􏽩􏼑
􏼪 􏼫 : i � 1, . . . , n

⎧⎪⎨

⎪⎩

⎫⎪⎬

⎪⎭
. (2)

Also, the basic element xi, μj

A(xi)􏽮 􏽯
δi+τi

j�1􏼜 􏼝 for a fixed i �

1, . . . , n is given with

α � μ1α, . . . , μδi

α , μδi+1
Lα

, μδi+1
Uα

􏽨 􏽩, . . . , μδi+τi

Lα
, μδi+τi

Uα
􏽨 􏽩􏼐 􏼑􏽄 􏽅, (3)

which is called a single and interval-valued hybrid fuzzy
multivalue (SIVHFMV).

Definition 2. Let P � r1, . . . , rn􏼈 􏼉 be a probability distribu-
tion on a universal set; then, Shannon’s entropy of P is
defined by

H(P) � − 􏽘
n

i�1
ri ln ri( 􏼁. (4)

Let X � x1, . . . xn􏼈 􏼉 be a finite set, and let A be a
SIVHFMS on X. To calculate Shannon’s entropy of the
sequences, the values should be normalized so that their sum
is equal to 1. For this purpose, let us define

SMA � 􏽘

δi

j�1
μj

A xi( 􏼁,

SMAL � 􏽘

δi+τi

j�δi+1
μj

AL xi( 􏼁,

SMAU � 􏽘

δi+τi

j�δi+1
μj

AU xi( 􏼁.

(5)

Now, it is clear that

􏽘

δi

j�1

μj

A xi( 􏼁

SMA

� 1,

􏽘

δi+τi

j�δi+1

μj

AL xi( 􏼁

SMAL

� 1,

􏽘

δi+τi

j�δi+1

μj

AU xi( 􏼁

SMAU

� 1,

(6)

for i � 1, 2, . . . n. Now, the values

C μj

A xi( 􏼁􏽮 􏽯
δi

j�1􏼒 􏼓 � 1 +
1
δi

1
SMA

􏽘

δi

j�1
μj

A xi( 􏼁ln
μj

A xi( 􏼁

SMA

􏼠 􏼡,

C μj

AL xi( 􏼁􏽮 􏽯
δi+τi

j�δi+1
􏼒 􏼓 � 1 +

1
τi

1
SMAL

􏽘

δi+τi

j�δi+1
μj

AL xi( 􏼁ln
μj

AL xi( 􏼁

SMAL

􏼠 􏼡,

C μj

AU xi( 􏼁􏽮 􏽯
δi+τi

j�δi+1
􏼒 􏼓 � 1 +

1
τi

1
SMAU

􏽘

δi+τi

j�δi+1
μj

AU xi( 􏼁ln
μj

AU xi( 􏼁

SMAU

􏼠 􏼡,

(7)

are the enthalpy of (normalized) μj

A(xi), μ
j

AL(xi), μ
j

AU(xi),
where C is the enthalpy operator defined by Ye et al. (see
[15]).

Table 1: Comparison of SIVHEFS with some existing fuzzy sets.

Sets Single-valued interval-valued Hybrid Statistical Amount of
membership sequence membership sequence information information uncertainty information

FS [1] × × × × ×

IVFS [2] × × × × ×

FMS [9] √ × × × ×

IVFMS [10] × √ × × ×

SIVHFMS √ √ √ × ×

SIVHEFS √ √ √ √ √
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Definition 3. Let X � x1, . . . xn􏼈 􏼉 be a finite set, and let A be
a SIVHFMS on X. (en, a single and interval-valued hybrid
enthalpy fuzzy set (SIVHEFS) is given with

EA � xi, MA xi( 􏼁, MAL xi( 􏼁, MAU xi( 􏼁􏼂 􏼃( 􏼁, CA xi( 􏼁, CAL xi( 􏼁, CAU xi( 􏼁􏼂 􏼃( 􏼁􏼊 􏼋: i � 1, . . . , n􏼈 􏼉, (8)

where

MA xi( 􏼁 �
1
δi

SMA,

MAL xi( 􏼁 �
1
τi

SMAL,

MAU xi( 􏼁 �
1
τi

SMAU,

CA xi( 􏼁 ≔ C μj

A xi( 􏼁􏽮 􏽯
δi

j�1􏼒 􏼓,

CAL xi( 􏼁 ≔ C μj

AL xi( 􏼁􏽮 􏽯
δi+τi

j�δi+1
􏼒 􏼓∧C μj

AU xi( 􏼁􏽮 􏽯
δi+τi

j�δi+1
􏼒 􏼓,

(9)

CAU xi( 􏼁 ≔ C μj

AL xi( 􏼁􏽮 􏽯
δi+τi

j�δi+1
􏼒 􏼓∨C μj

AU xi( 􏼁􏽮 􏽯
δi+τi

j�δi+1
􏼒 􏼓.

(10)

Now, we construct a similarity measure based on
Choquet integral between SIVHEFSs. For this aim, we recall
concepts of fuzzy measure and Choquet integral.

Definition 4. Let X be a finite set, and let P(X) be the power
set of X. If

(i) σ(∅) � 0,
(ii) σ(X) � 1,
(iii) σ(A)≤ σ(B) for any A, B ⊂ X such that A ⊂ B

(monotonicity), then the set function
σ: P(X)⟶ [0, 1] is called a fuzzy measure on X.

Definition 5. Let X≠∅ be a finite set, and let σ be a fuzzy
measure on X. (e Choquet integral of a function
f: X⟶ [0, 1] with respect to σ is defined by

(C)􏽚
X

fdσ ≔ 􏽘
n

k�1
f x(k)􏼐 􏼑 − f x(k−1)􏼐 􏼑􏼐 􏼑σ E(k)􏼐 􏼑, (11)

where the sequence x(k)􏽮 􏽯
n

k�0 is a permutation of the se-
quence xk􏼈 􏼉

n

k�0 such that 0 ≔ f(x(0))≤f(x(1))≤f(x(2))≤
. . . ≤f(x(n)) and E(k) ≔ x(k), x(k+1), . . . , x(n)􏽮 􏽯.

Definition 6. Let X � x1, . . . , xn􏼈 􏼉 be a finite set, and let EA

and EB be two SIVHEFSs in X, and let σ be a fuzzy measure
on X. A Choquet similarity measure between A and B is
given with

Sσ EA, EB( 􏼁 ≔ (C)􏽚
X

fA,B xi( 􏼁dσ xi( 􏼁, (12)

where

fA,B xi( 􏼁 ≔
1
4

CA xi( 􏼁CB xi( 􏼁 + CAL xi( 􏼁CBL xi( 􏼁
���������������

C
2
A xi( 􏼁 + C

2
AL xi( 􏼁

􏽱 ���������������

C
2
B xi( 􏼁 + C

2
BL xi( 􏼁

􏽱
⎧⎪⎨

⎪⎩

+
CA xi( 􏼁CB xi( 􏼁 + CAU xi( 􏼁CBU xi( 􏼁

���������������

C
2
A xi( 􏼁 + C

2
AU xi( 􏼁

􏽱 ���������������

C
2
B xi( 􏼁 + C

2
BU xi( 􏼁

􏽱

+
MA xi( 􏼁MB xi( 􏼁 + MAL xi( 􏼁MBL xi( 􏼁

����������������

M
2
A xi( 􏼁 + M

2
AL xi( 􏼁

􏽱 ����������������

M
2
B xi( 􏼁 + M

2
BL xi( 􏼁

􏽱

+
MA xi( 􏼁MB xi( 􏼁 + MAU xi( 􏼁MBU xi( 􏼁

����������������

M
2
A xi( 􏼁 + M

2
AU xi( 􏼁

􏽱 ����������������

M
2
B xi( 􏼁 + M

2
BU xi( 􏼁

􏽱
⎫⎪⎬

⎪⎭
,

(13)

for i � 1, . . . , n.

Proposition 1. Function Sσ satisfies the following properties:

(P1) 0≤ Sσ(EA, EB)≤ 1
(P2) Sσ(EA, EB) � Sσ(EB, EA)

(P3) If EA � EB then Sσ(EA, EB) � 1

Proof

(P1): since fA,B(xi) is the arithmetic mean of four
cosine values, we have fA,B(xi) ∈ [0, 1] for any
i � 1, . . . , n and the Choquet integral is monotone, we
get 0≤ Sσ(EA, EB)≤ 1.
(P2): it is trivial that since fA,B(xi) � fB,A(xi) for any
i � 1, . . . , n.
(P3): if EA � EB, then we have CA � CB, CAL � CBL,

CAU � CBU, MA � MB, MAL � MBL, and MAU � MBU.
(erefore, we get fA,B(xi) � 1 for any i � 1, . . . , n.
Since Choquet integral is an aggregation operator, we
have Sσ(EA, EB) � 1. (us, the proof is completed. □

3. Enthalpy-TOPSIS Method for MCGDM

In this section, we provide a TOPSIS method for MCGDM
problems. (e TOPSIS technique is based on the shortest
distance to an ideal solution to define ideal positive and
negative solutions. In a sense, a positive ideal solution is a
combination of the best possible criteria values, while an
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ideal negative solution is a combination of the worst possible
criteria values. (is technique allows for the inclusion of
several types of variables in the model based on their positive
or negative impact on the decision-making aim, as well as
the weights and degrees of importance of each criterion. (e
examination takes into account both quantitative and
qualitative criteria, and a large number of criteria and
possibilities are assessed.(is technique is simple and easy to
implement. Moreover, the TOPSIS method has been com-
pared to other MCDM methods. For example, Zlaugotne
et al. [28] have presented a study that compares VIseKri-
terijumska Optimizacija I Kompromisno Resenje (VIKOR),
TOPSIS, multiobjective optimization by a ratio analysis plus
the full multiplicative form (MULTIMOORA), preference
ranking organization method for enrichment of evaluation
(PROMETHEE), and complex proportional assessment
(COPRAS) methods. As a result, they obtained that it is not
really objective to compare the results obtained by different
methods because results are similar but not the same. Since
the TOPSIS method is a distance-based method, it is usually
compared with VIKOR, which is also a distance-based
method. For instance, Ceballos et al. [29] presented a
comparative analysis for TOPSIS, VIKOR, and MULTI-
MOORA, and they reached that VIKOR’s ranking is very
sensitive to the parameter which is the coefficient of the
decision mechanism. Dey et al. [30] and Lin et al. [31]
presented a comparison of TOPSIS and VIKOR methods in
various ranking problems. According to Opricovic and
Tzeng’s [32] comparative analysis of VIKOR and TOPSIS,
the VIKOR method and TOPSIS method use different ag-
gregation functions and normalization methods. (e
TOPSIS method is based on the principle that the optimal
point should be furthest away from the positive ideal so-
lution and the closest to the negative ideal solution. As a
result, this method is appropriate for cautious (risk avoider)
decision makers because the decision maker may want to
make a decision that not only maximizes profit but also
minimizes risk [33]. We apply this method to a real-life
MCDM problem. Before, we give a score algorithm for
SIVHEFVs. Let

α � Mα, MαL, MαU􏼂 􏼃( 􏼁, Cα, CαL, CαU􏼂 􏼃( 􏼁􏼊 􏼋. (14)

(en, a score function is given with

S(α) �
2Mα + MαL + MαU + 2Cα + CαL + CαU

8
. (15)

(1) If S(α)< S(β), then we say α≺β
(2) If S(α) � S(β) and

(I) [MαL, MαU]≺ A,B[MβL, MβU], then α≺β
(II) [MαL, MαU] � [MβL, MβU] and
(a) Mα <Mβ, then α≺β
(b) Mα � Mβ and
(i) [CαL, CαU]≺ A,B[CβL, CβU], then α≺β
(ii) [CαL, CαU] � [CβL, CβU] and Cα <Cβ, then α≺β

where ≺ A,B is the linear order given in Lemma 1 of [34] by
[x, y]≺ A,B[u, v] whenever “A(x, y)<A(u, v) or A(x, y) �

A(u, v) and B(x, y)≤B(u, v) and A(x, y) � A(u, v)” and
A, B: [0, 1]2⟶ [0, 1] are aggregation functions (see [35]).

3.1. Steps of the Enthalpy-TOPSIS Method. We consider a
MCGDM problem with the set of alternatives A1, . . . , Am􏼈 􏼉

and the set of criteria x1, . . . , xn􏼈 􏼉.

Step 1: δ number of DMs evaluate the alternatives by
using fuzzy values, and τ number of DMs evaluate the
alternatives by using interval-valued fuzzy values. So,
each alternative Ak is presented as a SIVHFMS with
equal sequence lengths δ + τ for any k � 1, . . . , m.
Step 2: each Ak is converted to SIVHEFS EAk

by using
Definition 3 to aggregate DM evaluations. (us, the
decision matrix which is independent from DMs is
obtained as follows:

E �

EA1

⋮

EA1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
�

α(1)
1 . . . α(1)

n

⋮ ⋱ ⋮

α(m)
1 . . . α(m)

n

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

m×n

, (16)

where

α(k)
i �

xi, MAk
xi( 􏼁, MAkL xi( 􏼁, MAkU xi( 􏼁􏽨 􏽩􏼐 􏼑,

CAk
xi( 􏼁, CAkL xi( 􏼁, CAkU xi( 􏼁􏽨 􏽩􏼐 􏼑

􏼪 􏼫.

(17)

Step 3: the ideal best solution Eb � α(b)
i : i � 1, . . . , n􏽮 􏽯

and the ideal worst solution Ew � α(w)
i : i � 1, . . . , n􏽮 􏽯

are calculated. Considering the definition of the con-
cept of enthalpy and using the score algorithm, we see
that

α(b)
i � max

k�1,...,m
α(k)

i . (18)

α(w)
i � min

k�1,...,m
α(k)

i , (19)

whenever xi is a benefit criterion and

α(b)
i � min

k�1,...,m
α(k)

i , (20)

α(w)
i � max

k�1,...,m
α(k)

i , (21)

whenever xi is a cost criterion.
Step 4: a fuzzy measure σ is identified over the set of
criteria via a fuzzy measure identification method.
Step 5: for each k � 1, . . . , m, we calculate the distance
between EAk

and the ideal best solution

d
(b)
k � 1 − Sσ EAk

, Eb􏼐 􏼑 (22)

and the distance between EAk
and the ideal worst

solution
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d
(w)
k � 1 − Sσ EAk

, Ew􏼐 􏼑, (23)

where Sσ is the Choquet similarity measure with respect
to σ given in Definition 6. It is notede here that using a
fuzzy measure and Choquet integral instead or criteria
weights and weighted arithmetic mean provides us
more sensitive similarities.
Step 6: the closeness coefficients

sk �
d

(w)
k

d
(w)
k + d

(b)
k

, (24)

is calculated, and the alternatives are ranked. (e al-
ternative that has larger sk value is better.

(e steps of the enthalpy-TOPSIS method is illustrated
in Figure 1.

3.2. A Research Assistant Selection Problem. We deal with a
research assistant selection problem in mathematics
department.

Step 1: three criteria are required for the selection:

X �

oral presentation in a foreign language x1( 􏼁,

oral presentation inmathematics x2( 􏼁,

academic background x3( 􏼁

⎧⎪⎪⎨

⎪⎪⎩

⎫⎪⎪⎬

⎪⎪⎭
.

(25)

Four graduate students A1, A2, A3, and A4 are con-
sidered as alternatives, and four DMs evaluate the

alternatives over the criteria. Two (δ) of them are asked
to make the evaluation in the fuzzy environment, and
two (τ) of them are asked to make the evaluation in
interval-valued fuzzy environment. (us, the decision
matrix consists of SIVHFMVs with δ � 2 and τ � 2.
(e DMs’ preference values are summarized in the
form of decision matrix in Table 2.
Step 2: each Ak is converted to SIVHEFS.(erefore, the
decision matrix does not depend on the DMs (see
Table 3)
Step 3: ideal best and ideal worst solutions are given in
Table 4
Step 4: the λ-fuzzy measure σ given in Table 5 is
identified over the set of criteria [27]. (e weights
ω1 � 0.122021, ω2 � 0.229641, and ω3 � 0.648337.
Step 5: for each k � 1, . . . , 4, we calculate d

(b)
k and d

(w)
k

(see Table 6)
Step 6: the closeness coefficient sk is obtained as follows:
s1 � 0.3516, s2 � 0.47785, s3 � 0.60852, and
s4 � 0.58048 for each k � 1, . . . , 4. Hence, we have
A3≻A4≻A2≻A1.

3.3. Comparison Analysis. In this subsection, we compare
the result of the present study with the result of the TOPSIS
method. For this purpose, we aggregate the values given in
Table 2 by using arithmetic mean and we get the decision
matrix given in Table 7. For the intervals, we consider the
midpoints.

Using the same weights ω1 � 0.122021, ω2 � 0.229641,
and ω3 � 0.648337 in the TOPSIS method, we get the

DMs evaluate
the

alternatives
over criteria

and each
alternatives is
represented

by a
SIVHFMS

(this step is in
fuzzy multi-

set
environment) 

Each
alternative

(multi-set) is
converted to
SIVHEFS.

The idealbest solutionand the idealworst
solution arecalculated. 

A fuzzy
measure

identifiedover the set
of

criteria.

Distance of
each

alternative to
the ideal

worst and
ideal best

solution are
calculated.

Closenesscoefficients
are

calculated
and

alternativesare ranked.

Figure 1: Flowchart of the Enthalpy-TOPSIS method.
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closeness coefficients s1 � 0.1323, s2 � 0.2680, s3 � 0.8470,
and s4 � 0.1637. So, we have A3≻A2≻A4≻A1. It is noted that
the best and the worst chooses are same.

4. Conclusion

In this paper, we define the notion of SIVHEFS. In a FMS
and IVFMS environment, a SIVHEFS based on average and
enthalpy values can offer useful hybrid information about
sequences. SIVHEFS is a concept that decreases the reliance
of information in FMS and IFMS on sequence length and
provides hybrid information in a more compact manner.
Moreover, it contains statistical data such as the average of
membership sequences and an enthalpy value calculated
using Shannon’s entropy. We provide a cosine similarity
measure between SIVHEFSs based on the Choquet integral.
Since Choquet integral considers the interaction among
criteria, the proposed similarity measure provides a sensitive
similarity analysis in the fuzzy multiset environment in
contrast to the weighted average. Later, we give a TOPSIS
approach for MCGDM problems. (e complement of the
proposed cosine similarity measure is used to measure the
distance between alternatives in this TOPSIS approach. We
apply the proposed approach to a real life problem. We also
compare the results of the paper with a classical TOPSIS
method. (e created enthalpy-TOPSIS approach not only
increases decision-making dependability but also provides
DMs with a new impact pathway. In the future, hybrid
MCDM methods, which are quite up-to-date [36,37] will be
discussed in the proposed new fuzzy environment.
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