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Abstract

In recent times, appropriate decision-making in challenging and critical situations has been very well supported by multicri-
teria decision-making (MCDM) methods. The technique for order of preference by similarity to ideal solution (TOPSIS) is
the most widely used MCDM method for solving decision problems. However, it restricts decision-makers to use only one
type of Quality of Service (QoS) information, and it suffers from the rank reversal problem. Restriction to only one type of
QoS makes the decision problems more challenging, as it restricts the decision-makers freedom. Further, the rank reversal
problem makes the decision result unreliable. To address these issues of TOPSIS, we have proposed a reliable rank reversal
robust modular TOPSIS (RMo-TOPSIS). RMo-TOPSIS allows crisp, interval, fuzzy, intuitionistic and neutrosophic fuzzy
QoS metrics. It does not suffer from the rank reversal problem. Cloud computing provides computing services on-demand
basis without involving maintenance by its users. The availability of many cloud service providers and their services makes
cloud service selection a challenging problem. To validate RMo-TOPSIS, we select the cloud service selection consisting
of different types of QoS metrics as an application. Experiments on cloud service selection show consistency and accuracy
in results obtained by RMo-TOPSIS and its robustness against rank reversal.

Keywords Decision making - TOPSIS - MCDM - Heterogeneous QoS - Cloud service selection - Rank reversal

1 Introduction

With the increase in the size of the business organization,
the executive body of the organizations has to take decisions
in a complex environment to avoid the risk. They take the
help of decision-making techniques or optimization tech-
niques to solve the decision problems. Optimization tech-
niques are used to find the optimal solution in many fields
like electricity load and price forecasting (Saeedi et al. 2019;
Abedinia et al. 2019; Gao et al. 2019a, b; Ghadimi et al.
2018; Khodaei et al. 2018), service selection, etc. MCDM is
a widely used decision-making approach in many fields like
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automobile (Yousefi and Hadi-Vencheh 2010; Yang et al.
2020), defense (Wu and Mendel 2010), web service (Purohit
2020), cloud service selection (Hussain et al. 2020a, b; Hus-
sain et al. 2020a, b; Garg et al. 2013), etc. to find the optimal
alternative or service to carry out business. Recently, in the
web service domain, Artificial Intelligence (AI) enabled
methods, e.g. neural collaborative filtering-based approaches
(Chowdhury et al. 2020; Regunathan et al. 2018; Xu et al.
2021; Gao et al. 2019a, b; Huang et al. 2021), have been
used for QoS prediction and recommendation in web service
selection. One of the major limitations of such collaborative
filtering-based systems is that they require good quality of
data in a good amount. However, in many domains such
as cloud service selection, weapon selection, etc., a limited
amount of data related to alternatives is available; there-
fore, collaborative filtering is not possible, i.e. Al-enabled
methods cannot be used. So, MCDM plays a crucial role in
decision-making in such domains.

MCDM is a widely used decision-making approach in
many fields like automobile (Yousefi and Hadi-Vencheh
2010; Yang et al. 2020), defense (Wu and Mendel 2010),
web service (Purohit 2020), cloud service selection (Hussain
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et al. 2020a, b; Hussain et al. 2020a, b; Garg et al. 2013),
etc. to find the optimal alternatives or service to carry out
business. It is a collection of methods such as the tech-
nique for order of preference by similarity to ideal solution
(TOPSIS) (Yoon and Hwang 1981), analytic network pro-
cess (ANP) (Saaty 2006), analytic hierarchy process (AHP)
(Saaty 1990), and elimination and choice translating reality
(ELECTRE) (Roy 1990) to solve the decision problem in
case of qualitative, quantitative and inter-dependent criteria.
TOPSIS is one of the most common MCDM methods due
to its simplicity and efficiency. It finds the best alternative
based on its distance from the ideal and worst alternative.
The alternative having maximum geometric distance from
worst and minimum from ideal is the optimal alternative.
However, the original TOPSIS method proposed by Hwang
and Yoon works only for decision matrices with crisp val-
ues and causes the rank reversal problem in some scenarios
(Wang and Luo 2009; Garcia-Cascales and Lamata 2012).
In the rank reversal phenomenon, the rank of alternative
changes on the addition or removal of another alternative
to the decision problem i.e. an alternative which is opti-
mal before the addition or removal of non-optimal alterna-
tives becomes non-optimal after their addition or removal.
Since, the TOPSIS is the most widely used MCDM method
for decision-makers and has been used in many fields like
defense, automobile, service selection, etc. So, the use of
TOPSIS may cause a huge loss to the organization's cred-
ibility and capital due to its rank reversal problem.

There are many generalizations of standard TOPSIS to
address its limitation of operating on crisp decision matrix
only. Yue (2011) proposed an extension of the TOPSIS
method for a decision matrix based on interval numbers.
Later Jahanshahloo et al. (2009) and Dymova et al. (2013)
also proposed its generalization for interval numbers. Simi-
larly, many generalizations of TOPSIS were proposed by
many authors for fuzzy (Chen 2000; Krohling and Cam-
panharo 2011; Lee et al. 2014), intuitionistic fuzzy (Boran
et al. 2009), hesitant fuzzy (Xu and Zhang 2013), spherical
fuzzy (Kutlu Giindogdu, and Kahraman 2019) and neutro-
sophic fuzzy (Biswas et al. 2016; Abdel-Basset et al. 2019)
environment. Wang et al. (2022) proposed a generalization
of TOPSIS called three-way TOPSIS to effectively solve the
decision-making problem. Keikha (2022) proposed a gener-
alized hesitant fuzzy number based TOPSIS method to solve
the decision problem modeled considering the uncertainty.
Akram et al. (2021) proposed an extension of the TOPSIS
to model the decision problem in a complex spherical fuzzy
information scenario. Monika (2022) modeled the cloud ser-
vice selection problem using TOPSIS with a 3-D spherical
fuzzy set to remove vulnerability in the decision-making
process of decision-makers. Sadabadi et al. (2022) proposed
an improved fuzzy TOPSIS using triangular fuzzy numbers
by removing the shortcomings of fuzzy TOPSIS. However,
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the above generalizations work only for a decision matrix
with one type of data. However, it is not always the case
that decision-makers will have a decision matrix with only
one type of data due to diversity in their knowledge and
information available to decide, e.g. in the case of a route
selection problem, where the distance is fixed or quantifiable
but traffic on the route is qualitative and depends on personal
familiarity with it. Due to the availability of various types
of information in different forms like crisp, fuzzy, interval,
neutrosophic, etc. for a particular decision problem, it has
become a challenge to make a decision with standard TOP-
SIS or its generalization of a specific type. Many authors
have proposed the generalization of TOPSIS to deal with a
heterogeneous decision matrix. Peng et al. (2012) proposed
a TOSPIS based group decision-making technique for crisp,
interval and linguistic types of information, where each deci-
sion matrix comprises a specific type of information and is
transformed into the triangular fuzzy decision matrix. All
transformed decision matrices were aggregated into a single
matrix using ordered weighted averaging (OWA) operator
and fuzzy TOPSIS was applied to find an optimal alternative.
Wang and Wang (2008) extended the TOPSIS for numeri-
cal, interval, linguistic and fuzzy information. They used
the transformation function to map a data type into another
data type and used TOPSIS on a unified decision matrix to
find the best alternative. Li et al. (2010) proposed a method
similar to TOPSIS for decision making in heterogeneous
QoS but it was complex and unable to rank the alternatives
accurately (Lourenzutti and Krohling 2016). Lourenzutti and
Krohling (2016) proposed an extension of TOPSIS called
modular TOPSIS (Mo-TOPSIS) for decision matrix with
crisp, interval, triangular fuzzy number and intuitionistic
fuzzy set information without any transformation function.

There are extensions of other MCDM methods for het-
erogeneous QoS environments. An extension of TODIM by
Fan et al. (2013) finds the best alternative on decision matrix
with crisp, interval and triangular fuzzy number. They used
the cumulative distribution function to transform three data
types into a random variable and used the gain—loss concept
of the classical TODIM method to find the dominance of
an alternative over others to rank them. Liu et al. (2020)
extended the ELECTRE method for decision matrix with
heterogeneous QoS of type crisp, interval, TFN and IFS.
They used transformation functions to map crisp, interval
and TFN into intuitionistic fuzzy number and ranked the
cloud services from a unified decision matrix using ELEC-
TRE. Espinilla et al. (2013) proposed an MCDM method
for heterogeneous QoS information using transformation
functions to transform data type into a particular data type.

Although, the above studies can deal with heterogene-
ous QoS information, but most of them use transformation
functions to make a unified decision matrix. The transfor-
mation of one data type to another causes some information
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loss and affects decision-making (Lourenzutti and Krohling
2016). The method Mo-TOPSIS proposed by Lourenzutti
and Krohling (2016) does not use any transformation func-
tions. However, Mo-TOPSIS suffers from rank reversal phe-
nomenon, which may affect its use in decision problems that
are very critical like defense, hazardous material route selec-
tion, etc. It cannot be also used in a decision involving heavy
capital expenditure like automobile, manufacturing, cloud
service selection, etc. To show the rank reversal in Mo-TOP-
SIS, we implemented it. We monitored the cases of rank
reversal by dynamically changing the number of alternatives
from the original decision matrix by removing some alterna-
tives. Table 1 shows the decision matrix with heterogene-
ous QoS and their weight, where QoS, and QoS, are costly
QoS parameters while others are benefit parameters. It also
shows the closeness index obtained using Mo-TOPSIS and
rank of alternatives. We can observe that alternative A, is the
best alternative as per QoS weight and decision matrix. We
removed alternative A from the decision matrix of Table 1
and computed the closeness index of each alternative and
ranked them to monitor the rank reversal. Table 2 shows the
decision matrix, closeness index and each alternative’s rank
on the removal of A;. We can observe that like TOPSIS,
Mo-TOPSIS also suffers from rank reversal problem as A,
which was ranked first is now ranked second after removal
of non-optimal alternative A;. Now, A, is ranked best even
A, is present in the decision matrix.

The rank reversal phenomenon in Mo-TOPSIS is further
investigated by performing a series of experiments. We con-
sidered the decision matrix with alternatives ranging from
four to eight and monitored rank reversal. We randomly
removed 1 to n—2 alternatives from the decision matrix with
n alternatives. Initially, we considered a decision matrix with
four alternatives i.e. n=4 and created 10 (*C, +*C,) decision

matrices by removing one and two alternatives from the
original and found the number of cases causing rank rever-
sal. The same process is carried out for the decision matrix
with n=4, 5, 6, 7 and 8 alternatives. The result obtained is
shown in Fig. 1. We can observe that the rank reversal cases
increase with decision matrix size and depend on entries in
the decision matrix.

Therefore, considering the rank reversal problem in Mo-
TOPSIS for heterogeneous QoS without any data trans-
formation functions and wide use of TOPSIS in research,
an extension of Mo-TOPSIS called robust Mo-TOPSIS
(RMo-TOPSIS) is developed that is robust to rank reversal
phenomenon. The RMo-TOPSIS uses different processes
of computing normalized decision matrix, positive ideal
solution (PIS) and negative ideal solution (NIS) to avoid
rank reversal. RMo-TOPSIS is robust and efficient than the
existing Mo-TOPSIS and will help decision-makers to avoid
any type of risk in decision. Contributions of this work are
as follows:

1. A rank reversal robust RMo-TOPSIS method for hetero-
geneous QoS information without any data transforma-
tion functions is proposed and compared with state-of-
the-art works.

2. A sensitivity analysis is performed to show the robust-
ness of RMo-TOPSIS against the rank reversal phenom-
enon.

3. A case study of RMo-TOPSIS in cloud service selection
as its application in decision making is given to demon-
strate its effectiveness.

The rest of this paper proceeds as follows. Section 2
describes the various preliminary concept used to develop
the RMo-TOPSIS while Sect. 3 explains the proposed

Table 1 Decision matrix with heterogeneous QoS and rank of alternatives using Mo-TOPSIS

Alternatives QoS, (crisp) QoS, (interval) QoS; (crisp) QoS, (TFN) QoS5 (IFS) Closeness index Rank
QoS weight 0.23 0.23 0.24 0.24 0.06

A, 126 [186, 295] 0.95 [0.5, 0.6, 0.7] [0.65, 0.25] 0.5425 2

A, 107 [182, 280] 0.85 [0.3,0.5,0.7] [0.30, 0.65] 0.4543 3

A; 140 [210, 330] 0.98 [0.4,0.6,0.9] [0.50, 0.35] 0.4473 4

A, 138 [197, 312] 0.93 [0.5,0.7, 1.0] [0.45, 0.50] 0.5543 1
Table 2 The rank of alternatives after removal of alternative A; using Mo-TOPSIS

Alternatives QoS (crisp) QoS, (interval) QoS; (crisp) QoS, (TFN) QoS (IFS) Closeness index Rank
QoS weight 0.23 0.23 0.24 0.24 0.06

A 126 [186, 295] 0.95 [0.5, 0.6, 0.7] [0.65, 0.25] 0.5319

A, 107 [182, 280] 0.85 [0.3,0.5,0.7] [0.30, 0.65] 0.4423 3

Ay 138 [197,312] 0.93 [0.5,0.7, 1.0] [0.45, 0.50] 0.5314
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Fig. 1 Variation of rank reversal 300
cases with decision matrix size
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method for decision making with heterogeneous QoS infor-
mation. Section 4 presents an application of RMo-TOPSIS
in cloud service selection through a case study. It also shows
the correctness and robustness of the proposed method
through sensitivity analysis. Finally, the conclusion and
future directions are discussed in Sect. 5.

2 Preliminaries

In this section, various concepts used for developing TOP-
SIS for the heterogeneous QoS are discussed.

2.1 Fuzzy set theory

In fuzzy set theory, each element of the set has some mem-
bership degree along with its value. It is the extension of
classical set theory where the membership degree of the
element represents the degree of its belongingness to the
fuzzy set. It has been extensively used to handle uncertainty
and vagueness in various problems. It helps decision-makers
or experts to provide their judgment in linguistic terms. The
various concepts and definitions used in the fuzzy set are
explained below.

Definition 1 (Zadeh 1965) Let X is a universe of discourse,
then a fuzzy set A is a collection of elements xeX and mem-
bership function p,(x) characterizes each x. A fuzzy set A
is denoted by-

A = {x, py(x)|xeX } (D)

where

1, () 0 X = [0,1]

@ Springer

Definition 2 A triangular fuzzy number (TFN) N is a tri-
plet of real numbers represented as (a, 3, Y) where a,  and
vy represents the least, most and highest possible values. If
a = =y then N is a crisp number. The membership func-
tion iy, (x) for each x in the fuzzy set is computed using TFN
N is defined as

i, fxelapl
= Fxe @yl )
0  otherwise

<

uy(x) =

Definition 3 Let N, = (a;,B;,Y,) and N, = (a,, B,,Y,) are
two TFNs, A is a real number then the various arithmetic
operation defined on N, and N, are-

Ny + Ny =(a; + a3, By + B2, 71 +72) 3)
Ny =N, =(a; — a3, By — B2 ¥y — 72) @
Ny Ny = () % ap, By = Po, vy * 72) 5)
A# Ny = (Aay, 4By, Ay, ) 6)

Example 1 Let A =(-3,2,4)and B = (1,0, 6) are two TFN,
then the various operations discussed above can be per-
formed as-

A+B=(-3+1,2+0,44+6)=(-2,2,10)
A-B=(-3-1,2-0,4-06)=(-4,2,-2)

A*B=(-3%1,2%0,4%6)=(=3,0,24)

If A = 0.5 then
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JA = (0.5 % =3,0.5 % 2,0.5 % 4) = (—1.5,1,2)

Definition 4 (Dagdeviren 2009) The Euclid-
ean distance between the set of TFNs

A= {(a Blr)s (o0 Byory) o (e Blbyy)) and

B={(a®, BB, yB), (aB, B2, v2) ... («?, BE, %) }is computed
using Eq. (7).

d(A’B)z\JZ%[w;*—af)% (5= + (- 1Y)
i=1
@)

2.2 Intuitionistic fuzzy set

An intuitionistic fuzzy set (IFS) is an extension of classical
fuzzy set theory. It is helpful in an environment where the
decision-maker lacks knowledge. IFS provides flexibility to
decision-makers to give their judgment in membership and
non-membership degree both. The membership and non-
membership degree represent the truth and falsity involve in
the rating of the decision process. The various concepts and
operations performed on IFS are discussed below.

Definition 5 (Atanassov 1986) Let X is a universe of dis-
course, then an IFS A is a collection of elements xeX and
each x is characterized by the membership function p,(x)
and non-membership function v, (x). An IFS A is denoted by-

A= {(x, (X)), VA(x))|x€X} (8)

where

pa(0) 1 X = [0,1]
vi(x) 1 X = [0,1]

0< @) +vx) <1
The hesitancy degree 7, (x) for xeA is defined as

mA(x) =1 = pp(x) = v, (x)

Definition 6 (Atanassov 1994) Let A = (x, p4(x), v4(x)) and
B = (x, ug(x), vg(x)) are two IFS, 4 is a real number then the
various arithmetic operation defined on A and B are-

A+ B = (x, us (%) + pp(x) — pa(x) 5 pp(x), v4(x) * vg(x))
®

AB = (x, py(x) * pg(x), vy (x) + vg(x) — vy (x) * vg(x))
(10)

AxA=(x1—(1-p@)", V) (11)

Ahqu@NJ—U—mmﬁ> (12)

Definition 7 Let A = {(x, sy (x1), va (1)), (o 14 (%2), va (%2)) -
(X, Ha (‘xn)’ Va ('xn>>} and p= {(x15 mp (xl ), VB (xl ))v (X, 1 (xz)v VB(XZ))s
o X, g (x, ), v (x,) ) } be two IFS vectors of the length of n
for X = {x,,x, ...,x,}, then the Euclidean distance between
A and B is defined as-

i=1

d(A, B) = \J z": % [(MA(xi) — wp(x;))" + (val) - "B(xi))z]

13)
2.3 Neutrosophic fuzzy set

Neutrosophic fuzzy set (NFS) is an extension of IFS where
each element of NFS has an indeterminacy degree along
with truth and falsity degree. It helps experts to express their
opinion where the expert is not confident about his deci-
sion or not familiar with the decision problem. The various
concepts and operations used in NFS theory are discussed
below through various definitions.

Definition 8 Let X is a universe of discourse, then the NFS
A s a collection of all xeX where each x is characterized by
truth 7, (x), indeterminacy Z,(x), and falsity F,(x) member-
ship function. The NFS A is denoted as-

A = {(x, T,(x), Zy(x), F (0))|xeX } (14)
where

Tu() © X =170, 17[
() : X =170, 1%[
Fyx) 1 X =170, 17[
07 < T,(x0) + Z,(x) + Fy(x) < 3°

“0=0-¢,1" =1+ ¢, € is an infinitesimal number

Definition 9 (Wang et al. 2010) Let X is a universe of dis-
course, then the single value neutrosophic set (SVNS) A is
collection of all such xeX where each x is characterized by
truth 7, (x), indeterminacy Z,(x), and falsity F(x) member-
ship function. The SVNS A is denoted as-

@ Springer
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A = {(x, T,(0), Z,(x), Fy(x)) |xeX} (15)

where

7,0 1 X = [0,1]
Z,(x) : X = [0,1]

Fix) : X = [0,1]

A =(0.8)%5,1 - (1-0.1%,1 - (1 —0.2)*%) = (0.89,0.05,0.11)

Definition 11 (Huang 2016) Let A((x, 7, (x, ). Z, (x; ), F (x,)).
(xz,’Z;(xz),IA (x2)7]:A (x2)>» <xn:7:\(xn)’IA (xn)’]:A(xn)»
and B = (x;, (Tp(x;), Zy (x1), Fe))s (. Tp(%2), Z (x2).
Fpx))s oo (x, T (). Ip(x, ) Fp(x,))) be two SVNS vec-
tor of length of n for X = {x,,x, ..., x,}, then the Euclidean
distance between A and B is defined as-

n 4 2]'/2
S TOF L+ a0 <3 p@.B =Y <Z ﬁi(p/(Ai’Bi)) 0)
Definition 10 (Ye 2015) Let A = (x, T,(x), Z,(x), F,(x)) and =1 \J=I
B = (x, Tz(x), Zg(x), F(x)) are two SVNS,  is a real number
then the various arithmetic operation defined on A and B are- 4
A®B = (v T, + Ty - LT, LWL, FFpey  rere 101l ; fj=1and
(16) '
A®B = (x,T,(x)T5(x), Z,(x) + Zg(x)
IA y g ? |7:4(xi) _%(xi)| |IA(xl) _IB('XZ))
= Z,(0)Zp(x), Fo(x) 17 &, (AivBi) = 3 + 3
+ Fpx) = Fp(0) Fp(x)) |F (5) = 7 )‘ (21
Xi) — Xi
) N A : B
aA = (x,1 = (1 = T,(x))", (T, ()", (FA(x0)*) for a > 0
(18)
24T (x;) —Z,(x;) = Fu(x;) 2+To(x) -1 — Fox.
¢2(Ai’Bi) _ maX( A(xt) ;(xl) A(xt)’ B(XZ) 3B(xt) B(xl)> (22)
— min 2+ 7;\(%‘) _IA(xi) - ]:A(xi) 2+ TB(xi) _IB(xi) B fB(xi)
3 ’ 3
A = (0 (L))" 1 = (1 = Z,@)" 1 = (1 = F4()*) for a > 0 Ty () = Tp(x;) + Zp(x;) = Za (x;)
A A A (19) &, (Ai’Bi) _ | . | (23)
Example2 Let A ={(0.8,0.1,0.2) and B =(0.6,0.3,0.4) are
two neutrosophic set, then the various operations discussed _ _ N ‘
above can be performed as- . (A-,B.) _ |7:4(xi) Ty(x;) + Fp (Xz) Fa (Xz)| (24)

A®B=(08+0.6-080.6,0.1 % 03,02 % 0.4)
= (0.92,0.03,0.08)

A®B=(0.8%0.6,0.1+0.3—-0.1%0.3,02+04-0.2x%0.4)
=(0.48,0.37,0.52)
If A = 0.5 then

AA = (1 —(1-0.8)",0.1)*°,(0.2)*) = (0.86,0.32,0.45)
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Example 3 Let A =(0.8,0.0,0.4), B =(0.6,0.0,0.2) and
C =(0.6,0.0,0.6) and are three single value neutrosophic
set, Then the distance computed between neutrosophic set
A, Band CconsideringA =1 and f; =, = 5 = p, =0.25
is shown below

D(A, B) = 0.0583

DA, C) = 0.1417
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2.4 Interval number

Interval number is the simplest way to handle uncertainty in
the decision process. It helps decision experts to rate a param-
eter from a range of values, where the parameter can have any
value from the specified range. It is the extension of the con-
cept of real numbers where each number is represented with a
lower and upper bound. The various operations on the interval
number that are being used in this study are discussed below.

Definition 12 (Tsaur 2011) A number X = [xL, xU] is called
interval number, if it can be defined on the real number line
and xL < xV and x*, xYeR where xL and xV are the lower
and upper bound respectively. The center and width of an
interval number are defined as-

xb 4 xY

m(X) = —

(25)

wX) =xYV —xt (26)

Definition 13 If X = {[le,xU], [xéxéj] [xﬁxflj]} and
Y = {[pE Y] phyY] - [E yY] } are two interval number
vectors of length n, then the Euclidean distance between X

and Y is computed as-

n

aex v = | ¥ 3at =7 + ol -0y @7)

i=1

2.5 TOPSIS

TOPSIS is the most widely used MCDM method to solve deci-
sion problems. It has been used in various fields like cloud service
selection, web service selection, optimal route selection, supplier
selection, etc. It ranks alternatives based on their geometric dis-
tance from an ideal and worst solution. It is widely used as it is
better than VIKOR, AHP, and ANP in terms of efficiency and
is simple to understand (Jahan et al. 2010; Mousavi-Nasab and
Sotoudeh-Anvari 2017). The various steps of the original TOPSIS
method used to rank alternatives are discussed below.

Step-1: Let there are m alternatives A, to A,, and n criteria
C, to C, involve in a decision problem to rank alternatives,
then construct a decision matric of size m X n as follow.

Cc, G ... C,
DM = A, A1 Xzt X
A, Xo1 X202 Xon (28)
Am Xl Xm2 " Xmn

where x; ; denotes the rating of alternative i for criterion j.

Step-2: Transform the decision matrix values on the
same scale using Eq. (29) to find out the normalized deci-
sion matrix.

G, G, G,
N= A, Ny Nyp ny,
A, Moy Myy oo Mo, (29)
Am nm,l nm,2 nm,n
where
X
n..=

2 xiz,,'

Step-3: Let W = [w,,w,, ...,w,] are the weight of cri-
teria given by the expert as per their needs, the weighted
normalized decision matrix is computed using Eq. (30) to
incorporate decision-makers preference.

Cl C2 e Cn
W= 4, Wit Wi o Wi
A, Woi Won - Wy, (30)

Wm,n

where

Wi =Rk w;

J
Step-4: A decision problem is always associated with
cost and benefit criteria. The cost and benefit criteria are
those criteria whose minimum and maximum value opti-
mizes the cost of the optimal alternative. Let K, and K,
are the set of cost and benefit criteria associated with the
decision problem, then the positive ideal solution (PIS) and
negative ideal solution (NIS) are computed using Eqgs. (31)
and (32) respectively. The PIS denotes the ideal alternative
while NIS represents the worst alternative.

PIS = [Pos,, Pos, ... Pos,)| (3D
NIS = [Neg,,Neg, ... Neg,] (32)
where

Posj =

min(w;;) if C; € K,
max(w; ;) ifC; € K,
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max(w;;) if C; € K,
Neg; =\ minow, ) ifC; €K,

Step-5: Compute the Euclidean distance of A; from PIS
and NIS using Egs. (33) and (34) respectively.

D = D(A,. PIS) = \ > (w; - Pos;)’ (33)
j=1

D = D(A;,NIS) = \ Z (W, —Negj)2 (34)
j=1

Step-6: Compute the closeness index CI; of each alterna-
tive A; using Eq. (35).
c D-

[ = —"'

i DF + D 35

Step-7: The rank of alternative is computed using close-
ness index CI. The alternative having a maximum value of
Cl is the optimal alternative. The alternative with the mini-
mum value of CI is the worst.

3 RMo-TOPSIS

The Mo-TOPSIS proposed by Lourenzutti and Krohling
(2016) uses QoS weight to compute the distance of each
alternative from PIS and NIS to accommodate customer
priority, instead of computing weighted decision matrix
using Eq. (30). Its correctness can be verified by expanding
Eq. (33) used in traditional TOPSIS to compute the separa-
tion measure.

u 2
D! = \ 2z (w3 = Pos;)’” = Z(”w *Wj‘”:;*%')
j=1

\Z i)
(36)

That means, we can directly use QoS weight at the time
of computation of separation measure. The proposed Mo-
TOPSIS works properly for decision matrix with the hetero-
geneous type of QoS information, but it is not robust to rank
reversal (Wang and Luo 2009; Garcia-Cascales and Lamata
2012) in some scenarios as standard TOPSIS also suffers
from it. Mo-TOPSIS suffers from rank reversal due to its
normalization procedure and process of computing PIS and
NIS. Due to issues in normalization methods, the normalized
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Fig.2 Flowchart of RMo-TOPSIS

decision matrix changes on the addition or elimination of an
alternative, which in turn changes the PIS and NIS. It affects
the ranking of alternatives due to different values of separation
measure of each alternative from ideal and worst alternatives.

The proposed extension of Mo-TOPSIS called RMo-
TOPSIS uses two standard fictitious alternatives to fix the
normalized value of each QoS of an alternative, which does
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not change with a change in the number of alternatives. The
addition of two fictitious alternatives makes the normaliza-
tion method consistent by fixing the denominator of it. It
also uses standard PIS and NIS, which do not depend on
the decision matrix. The RMo-TOPSIS has been designed
to work for a decision matrix having crisp, interval, TFN,
IFS and neutrosophic fuzzy type of QoS attributes. How-
ever, it can be extended for QoS information of other types
using the same concept. The flowchart of RMo-TOPSIS is
shown in Fig. 2. The various steps of RMo-TOPSIS are
discussed below.

Step 1: Identify the QoS parameters

The proposed approach initially collects the set O of nec-
essary and desirable QoS parameter that is to be fulfilled by
the set of alternatives A, where Q = {QoSl, QoS,, ..., QoSn}
and A = {A,A,, ..., A, }.

Step 2: Construct the decision matrix

The decision-maker or expert constructs the decision matrix
of size m X n for TOPSIS based on their experience. Each
entry of the decision matrix represents the QoS parameters rat-
ing of the decision-maker. The decision matrix is represented
in Eq. (37) where r; ; represents the rating of the QoS parameter
QoS for alternative A R; can be a vector having crisp, interval
number, TEN, IFS or NFS type information.

D=[R R, ~R,]| (37)
where
R, = [ri,1 Yiog «or Tin ]

Step 3: Identify the maximum and minimum value of
QoS parameters

The maximum and minimum values of QoS parameters
for each type are identified. Let the minimum and maximum
value of each QoS parameter is defined using Eq. (38).

mm mm max ’ max ]]
me mm mm ] [rfl[wx ’ rgmx]’ t};mx
[[O, 1], [1,
[[0, 1

.1 ],[1 00]]

P

mm > max

MinMax(QoSJ-)

|

rmax :|
as[1, 5], then each alternative can have QoS; value between
1 and 5. Any other value is not allowed. Similarly, if QoS; is

[

., T
min;’ max;’ " max;

For example, if QoS; is of crisp type and has [

mm ’

of interval type and has

[[0,01,[5,5]], then each alternatlve can have QOS value as
[x y] where 0 < x,y < 5. The minimum and maximum values
of IFS type QoS parameter are [0, 1] and [1, 0] as IFS is
minimum when the degree of membership value g is 0 and
non-membership value v is 1. Similarly, it is maximum when
the membership value y is 1 and non-membership value v is
0. The NFS is minimum when the degree of truth, indeter-
minacy and falsity are 0, 1 and 1. Similarly, it is maximum
when the degree of truth, indeterminacy and falsity are 1, 0
and 0. So, any alternative can have a QoS value between the
above range for IFS and NFS type.

. as
min;

Step 4: Identify the QoS parameters weight

The decision-maker provides the weight of all QoS
parameters available in set Q as W = {wl, Wy, ... ,wn}. The
weight is assigned by the decision-maker based on the expe-
rience and preference of each QoS. The weight assigned to
each QoS is a real number such that ), w; = L.

Step 5: Add two fictitious alternatives

Two fictitious alternatives F, and F, are added to the deci-
sion matrix, which is computed using Egs. (39) and (40). These
fictitious alternatives help to fix the normalized value of the
QoS parameter in case of addition or removal of an alternative,
which changes in Mo-TOPSIS and causes a rank reversal in it.

Vimin, if QoS; is crisp type
min,” rzini] if QoS; is interval type

Fij=1 ij’ imj, fnmj] if QoS; is TFN type forj=1ton

[0,1] if QoS; is IFS type

[0,1,1] if QoSJ- is NFS type

(39

if QoS; is crisp type
if QoS; is interval type
ifQoS; is TFN type (38)

if QosS; is IFS type
if QoS is NFS type
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Finas, if QoS is crisp type NIS = { (sj‘,jeJ1>, (s;r,jer) }forj =1lton (45)
ko rgw] if QoS; is interval type
Fyj=1 ottt | if QoS; is TFN type forj=1lton . ) o
[1,0] if QoS; is IFS type v if QoS; is crisp type
[1,0,0] if QoS is NFS type nzj, ”Ej] if QoS; is interval type
40) o+ _J nt ”ﬂ, n ] if QoS; is TFN type
The modlﬁ.ed decision matrix obtained after adding F'; and n+. n+.] if Qo Sj is IFS type
F, are shown in Eq. (41) as- LW
, n;, nt, n}}] if QoS; is NFS type
D=|R R, - R, ,F|,F,| 41) L
Step 6: Compute the normalized decision matrix .
The normalization of the decision matrix scales all the val- n: if QoS; is crisp type
ues of it on the same scale. The decision matrix consists of “n_ _ ] if Q0S, is interval type
different types of elements like crisp, internal number, fuzzy &> Ui J P

number, etc. are normalized to make them on the unit scale.
The normalized decision matrix is computed using Eq. (42).

N=[N, Ny = Ny ;N1 Nyya] (42)
where
N, = [”5,1 Rin «on My ]
( rrL if QosS; is crisp type
r;Lf , rlr/”/ ] if QoS; is interval type
nyj=q e (43)

o | ;
> 5| if Q0S;is TFN type
maxj mélA:]' max/-

rij otherwise

P

\

There is no need to normalize the IFS and NFS type QoS
parameters as they are already in the unit scale. The above nor-
malization method will not cause a change in normalized QoS
value on addition or removal of alternatives as the denomina-
tor is fixed and its value is the maximum value of QoS i.e.
any alternative cannot provide QoS value better than it. For
example, if the QoS value varies between 1 to 100 then all
alternatives will provide QoS in between 1-100. So, it does not
depend on the addition and removal of alternatives.

Step 7: Compute the PIS and NIS

Let J; and J, are the set of benefit and cost QoS parame-
ters such that J, € Q,J, € Q and J, UJ, = Q. The PIS and
NIS are computed using Eqs. (44) and (45) respectively
and their computation depends on the type of data in the
normalized decision matrix.

PIS = { (s;, jed, ) (sz, jer) } forj=11on (44)
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T =3 _n;j,n,;j, n;j] if QoS; is TFN type
if QoS is IFS type
n, ] if QoS, is NFS type

n.,n.
|1’ o

_nTJ, nz

where J.+=max{n~-|i=1 m+2} ,
Zj-max{n li=1,. m+2} zrj—max nUlz—l m+2
:—max{n li=1,. m+2} nt. = max n.‘|l=1,...m+2 ,
ﬂ iy
n+—max{n.|l=l,...m+2}, =maxqntli=1,..m+2,
v H] tJ
ny=maxynli=1,..m+2 ,nt=max{nlli=1,..m+2},
vj i i
;—max nI|l—1 c.m+2 4, nF = max nfli=1,..m+2}
J L
Similarly, ﬂf=min{nixi|i=l,...m+2} ,

nz/.=min niL].|i=1,...m+2 s 1y, = min nU|i=l .m+2¢,
n.=minin?|i=1,...m+2;, n,. =min n |z—1 m4+2 5,
aj i Bi

n>=minyn’ |i=1,...m+2}, n_.=min n’.‘,|1—1,...m+2 ,
vi ij Hj ij

m+2}t}j=min{ng|i= 1,...m+2} ,

n_, = min{nl.’.|i =1,...
v ij
m+ 2}1}} = min{nﬁh’ =1, ...m+2}

- . I .
ng = mm{nl.Jh =1,...

Step 8: Compute weighted euclidean distance from
PIS and NIS

The weighted distance of each alternative A; from PIS and
NIS excluding the fictitious alternatives F; and F), is computed
using Eqgs. (46) and (47) respectively.

D w; d(st,m, D fori=1ltom (46)

J=1

WD =
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WD; = Z [w; = d(sj_,ni‘i ]Zfor i=1tom @7
j=1

where

2
(57 —n;))

[+ _ L2 (ot _ U2
(87 =) + (s — ) ]

[+ _ a2 +_ B2 + _ 72
_(saj ”i,;) +(sﬂj niJ) +(s”. n )]

v

\/ , ij
Vel + (i)

v

d(S;,niJ-) =<

<22:1 Prdr (S;r’ ”i,j) )2

— 2
(Sj - niJ)

1,—_ 132 - U2
2»(sLj nid.) +(sUj niJ)]

[~ _ a2 - _ B2 - _ 72
_(saj niJ) +(S/ij nw.) +(syj n )]

y

/i
VA=) ()

y

<22:1 By (Sj_’ ”i,j) )2

d(s]T,niJ) =3

WD?

= oy wo (48)

if QoS; is crisp type

if QoS; is interval type
if QoS; is TFN type
if QoS; is IFS type

if QoS is NFS type

if QoS; is crisp type

if QoS; is interval type

if QoS; is TFN type
if QoS is IFS type

if QoS; is NFS type

b1, P95 and ¢, are defined in Eqs. (21)-(24) and
p, €011, f=1

Step 9: Compute the closeness index and rank the cloud
services

The closeness index of each alternative A; is computed
using Eq. (48). The alternative with the highest value of
the closeness index is considered as best while the alter-
native with the lowest value is considered as the worst
alternative.

4 Performance evaluation

In this section, a case study is performed to show the
application of the proposed RMo-TOPSIS in the field of
cloud service selection. The service selection in the cloud
environment is one of the critical problems due to the
availability of many cloud services providing the same
level of QoS. The cloud users have to select the right ser-
vice as cloud services are hired for a long time and users
do not churn from one service provider to another. So, the

Table 3 Details of QoS

parameters QoS parameter Datatype QoS type QoS weight Minimum QoS value  Maximum QoS value
Cost Crisp Cost 0.23 100 200
Response time Interval Cost 0.23 [150, 160] [350, 360]
Availability Crisp Benefit 0.20 0.5 1
Reliability TFN Benefit 0.14 (0.1,0.2,0.3) (0.9,0.95, 1.0)
Reputation IFS Benefit 0.06 0, I» <1, 0>
Security NES Benefit 0.14 0,1, 1> <1,0, 0>
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:'lable 4 Decision m.atrix Witb Cloud services Cost Response time Availability — Reliability Reputation  Security
eterogeneous QoS information

for cloud service selection Cs, 126 [186,285] 0.95 (05,0.6,07)  <0.65,025 <0.65,0.35, 0.30>
CS, 133 [180, 282] 0.88 (0.6,0.8,0.9)  <0.35,0.60> <0.80, 0.20, 0.15>
CS; 110 [201,291] 0.91 0.6,0.7,0.9)  <0.85,0.10> <0.35, 0.65, 0.60>
CS, 148 [197,300] 0.87 04,0.6,0.7)  <0.80,0.10> <0.90, 0.10, 0.05>
CSs 107 [182,280] 0.85 0.3,0.5,0.7)  <0.30,0.65> <0.45,0.55, 0.60>
CSq 122 [195,310] 0.96 0.3,0.4,0.6) <0.55,0.35> <0.50, 0.50, 0.50>
CS, 140 [210, 330] 0.98 04,0.6,09)  <0.50,0.35> <0.85,0.15, 0.20
CSg 138 [197,312] 0.93 0.5,0.7,1.0)  «0.45,0.50> <0.75, 0.20, 0.20>
F, 100 [150, 160] 0.50 0.1,02,0.3) <0, 1> 0,1, 1>
F, 200  [350, 360] 1.00 (0.9,0.95,1.0) <1,0» 1,0, 0

Tablg 5 Normalized .decision Cloud services Cost  Response time Availability Reliability Reputation  Security

matrix for cloud service

selection using RMo-TOPSIS Cs, 0.630 [0.52,0.79] 0.95 0.5,06,07)  <0.65,025 <0.65,0.35,0.30>
CS, 0.665 [0.5,0.78] 0.88 0.6,0.8,0.9)  <0.35,0.60> <0.80,0.20, 0.15>
CS, 0.550 [0.56,0.81] 091 0.6,0.7,0.9)  <0.85,0.10» <0.35,0.65, 0.60>
CS, 0.740 [0.55,0.83] 0.87 04,0.6,0.7)  <0.80,0.10» <0.90, 0.10, 0.05>
CSs 0.535 [0.51,0.78] 0.85 0.3,0.5,0.7)  <0.30,0.65> <0.45,0.55,0.60>
CSq 0.610 [0.54,0.86] 0.96 0.3,0.4,0.6) <0.55,0.35 <0.50,0.50, 0.50>
CS, 0.700 [0.58, 0.92] 0.98 04,0.6,09) <0.50,0.35> <0.85,0.15,0.20>
CSg 0.690 [0.55,0.87] 0.93 0.5,0.7,1.0)  <0.45,0.50> <0.75,0.20, 0.20>
F, 0.500 [0.42,0.44] 0.50 0.1,0.2,0.3)  «0.0, 1.0 0.0, 1.0, 1.0
F, 1.000 [0.97, 1.00] 1.00 (0.9,0.95,1.0) <1.0, 0.0 <1.0, 0.0, 0.0

Table6 PIS and. NIS corpputed Cost Response Time Availability Reliability Reputation Security

from the normalized decision

matrix PIS 0.500 [0.42, 0.44] 0.50 (0.1,0.2,0.3) 0.0, 1.0» 0.0, 1.0, 1.0
NIS 1.000 [0.97, 1.00] 1.00 (0.9,0.95, 1.0) <1.0, 0.0» <1.0, 0.0, 0.0

proper selection of cloud services avoids capital loss and
failures.

The proposed method is also validated by comparing it
with MCDM based methods used for ranking alternatives
with QoS of heterogeneous type. The robustness against
rank reversal is demonstrated through sensitivity analysis
comprising a series of experiments.

4.1 Cloud service selection using RMo-TOPSIS

In this case study, an e-commerce company wants to deploy
its application on a server and there are eight infrastructure
as a service (IaaS) providers CS; to CSg, which offers the
hosting facility. The e-commerce company wants to know
the best IaaS provider based on QoS parameters cost, avail-
ability, response time, reliability, reputation and security.
Table 3 shows the QoS parameters, their data type, its type
i.e. cost or benefit and weight provided by the e-commerce
company for each QoS to find the best service. Cost is crisp

@ Springer

Table 7 Weighted distance from PIS, NIS, closeness index and rank
obtained using RMo-TOPSIS

Cloud ser- Weighted Weighted Closeness Rank
vices distance from distance from index
PIS NIS

CS, 0.1923 0.2823 0.5949 2
CS, 0.1909 0.2843 0.5983 1
CS; 0.1958 0.2794 0.5880 3
CS, 0.2078 0.2718 0.5667 6
CS; 0.2083 0.2715 0.5659 7
CSq 0.2126 0.2694 0.5589 8
CS, 0.2047 0.2779 0.5759 5
CSq 0.2023 0.2792 0.5799 4

as it is provided by the cloud service provider. Availability
is crisp as it is claimed in the service level agreement signed
by the cloud service provider. Response time is interval as it
depends on the load of the cloud machine, network, etc. and
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has different response times for the same request (Liu et al.
2020). Reliability is a qualitative parameter and depends on
expert perception (Liu et al. 2020). So, it is considered as
TFN and will provide flexibility to experts for rating cloud
services with partial knowledge. Reputation is perceived by
cloud users and is a subjective matter, so IFS is used to rep-
resent it. Security is also qualitative QoS and easy to express
in a fuzzy environment. Therefore, NFS is used to represent
it. The QoS parameters cost and response time are costly
QoS while rest are benefit QoS i.e. larger the better. Table 3.
also shows the minimum and maximum value of each QoS
parameter that cloud services can provide.

The decision matrix obtained based on the rating
provided by cloud experts is shown in Table 4. It consists
of a level or values of QoS provided by each cloud service.
The RMo-TOPSIS is applied to the decision matrix to
find the best cloud service as per e-commerce company
requirements. The next step of RMo-TOPSIS is to compute
the two standard fictitious alternatives using Egs. (39) and
(40) i.e. cloud services F| and F, shown in Table 4. These
two fictitious cloud services contribute to avoiding rank
reversal in RMo-TOPSIS. The QoS values of the decision
matrix are normalized on the same scale using Eq. (43)
in the next step and shown in Table 5. Table 6 shows the
PIS and NIS computed using Eqs. (44) and (45) on the
normalized decision matrix. The weighted distance of each
cloud service from PIS and NIS is computed using Eqgs. (46)

Table 8 Rank obtained using Mo-TOPSIS and RMo-TOPSIS

and (47). Table 7 shows the weighted distance of each
cloud service along with the closeness index and rank. The
distance between the NFS data type is computed using each
beta value of 0.25 throughout the paper. The closeness index
is computed using Eq. (48) and cloud services are ranked
based on the closeness index. The cloud service having a
maximum value of closeness index i.e. CS, is ranked as the
best cloud service as per QoS requirement. It provides the
best QoS for response time and reliability while third-best
in security, fifth in cost, sixth in availability and seventh in
reputation. Overall, CS, is the best among all cloud services
and can be verified from the decision matrix.

4.2 Validation of result

The ranking result of the proposed method is compared with
other methods to validate it. The rank of cloud services com-
puted by RMo-TOPSIS on a decision matrix is compared
with Mo-TOPSIS (Lourenzutti and Krohling 2016) and
extended TODIM (Fan et al. 2013). It is also compared with
generalizations of TOPSIS for a specific type of information
to validate it further. Since Mo-TOPSIS does not support
NFS, so we considered a decision matrix with QoS type
crisp, interval, TFEN, and IFS. The decision matrix along
with QoS wight, which is used to compare rank obtained
by Mo-TOPSIS and RMo-TOPSIS is shown in Table 8. It
also shows the closeness index and ranks obtained using

Cloud services Cost (0.23) Response time  Avail- Reliability Reputation Mo-TOPSIS RMo-TOPSIS
(0.23) ability (0.24) (0.06) - -

(0.24) Closeness index Rank Closeness index Rank
CS, 126 [186, 285] 0.95 (0.5,0.6,0.7) <0.65, 0.25> 0.5356 4 0.5864 3
CS, 133 [180, 282] 0.88 (0.6,0.8,0.9) <0.35, 0.60> 0.6293 2 0.5966 2
CS; 110 [201, 291] 0.91 (0.6,0.7,0.9) <0.85, 0.10 0.6539 1 0.6222 1
CS, 148 [197, 300] 0.87 0.4,0.6,0.7) <0.80, 0.10> 0.4237 7 0.5330 8
CSs 107 [182, 280] 0.85 (0.3,0.5,0.7) <0.30, 0.65> 0.4589 6 0.5568 6
CSq 122 [195, 310] 0.96 (0.3,0.4,0.6) <0.55, 0.35> 0.3728 8 0.5443 7
CS, 140 [210, 330] 0.98 (0.4,0.6,0.9) <0.50, 0.35> 0.4645 5 0.5618 5
CSq 138 [197, 312] 0.93 (0.5,0.7, 1.0) <0.45, 0.50> 0.5575 3 0.5789 4
Table 9 The rank of cloud services using Mo-TOPSIS, RMo-TOPSIS and extended TODIM
Cloud services QoS (0.40) QoS, (0.22) QoS;(0.38) Mo-TOPSIS RMo-TOPSIS Extended TODIM

Closeness index Rank Closeness index Rank Dominance degree Rank

CS, 645 [3, 4] (3,4,5) 0.3234 5 0.4355 5 0.0000 5
CS, 595 [2, 5] (2,4,6) 0.3640 4 0.4684 4 0.3333 4
CS; 700 [1, 3] 4,5,6) 0.4882 3 0.4865 3 0.4404 3
CS, 615 [2, 3] 4,6,8) 0.6186 2 0.5571 2 0.9305 2
CS; 670 [1, 3] 6,7,8) 0.6685 1 0.5860 1 1.0000 1
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Table 10 The ranking result of cloud services using G-TOPSIS and RMo-TOPSIS

Cloud service QoS (0.3483) QoS, (0.1072) QoS5 (0.3483) QoS, (0.1356) QoS5 (0.2464) G-TOPSIS RMo-TOPSIS
Closeness Rank Closeness Rank
index index

Amazon 0.29 92.89 126.66 110.33 104 0.7534 2 0.5724 2

Google 0.48 96 140.89 133 7091 0.7438 4 0.5598 4

Century Link 0.9 100.15 81.21 78.66 70.09 0.6965 6 0.4545 6

HP 0.42 119.63 111.95 100.5 131.81 0.7458 3 0.5670 3

Microsoft 0.45 29.07 152.96 42.47 90.83 0.7643 1 0.5894 1

Azure

Rackspace 0.42 74.53 6.19 130.84 90.37 0.5989 10 0.3976 9

City-Cloud 1.05 81.22 58.42 68.45 78.15 0.6745 7 0.4269 7

Linode 0.56 43.02 17.34 141.23 51.71 0.6029 9 0.3788 10

GoGrid 0.34 64.64 75.89 174.12 100.14 0.7231 5 0.5160

Softlayer 0.48 130.68 23.2 122.62 89.74 0.6216 8 0.4080

Minimum QoS 0 10 0 20 20

Maximum 2 150 200 200 150

QoS

both methods. The maximum and minimum values of QoS
attributes and their type are the same as shown in Table 3.
The QoS weight used is shown in Table 8 along with the
QoS name. It can be observed that Mo-TOPSIS and RMo-
TOPSIS rank cloud services in a similar way as only the
process of normalization is different and the rest is the same.

In the next experiment, the result validation of RMo-
TOPSIS is shown by comparing the rank of cloud services
obtained using Mo-TOPSIS (Lourenzutti and Krohling
2016) and extended TODIM (Fan et al. 2013). The deci-
sion matrix used for the experiment is shown in Table 9.
Since, extended TODIM supports only decision matrix with
QoS of type crisp, interval and TFN, so there are only three
types of data. The QoS; is the benefit QoS while others
are costly QoS. The QoS weight used to compute the rank
is shown in Table 9 along with the QoS name. The mini-
mum and maximum value of QoS,, QoS, and QoS; used

—_
[\S)

Fig.3 Cloud services rank-
ing using RMo-TOPSIS and
G-TOPSIS

(=}

Rank of Cloud Services
o
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for RMo-TOPSIS are [500, 800], [[0, 1], [4, 5]] and [(1, 2,
3), [7, 8, 9]]. The value of theta used for calculating domi-
nance degree in extended TODIM is 5. Theta signifies the
loss aversion degree in the decision matrix. A better value
of theta means a lesser loss aversion degree. The closeness
index and ranked obtained for cloud services on the given
decision matrix using Mo-TOPSIS and RMo-TOPSIS is
stated in Table 9. Table 9 also shows the dominance degree
and rank of cloud services using extended TODIM. It can
be observed that all three methods rank the cloud services
in the same manner, which validates the ranking result of
the proposed method.

In another experiment, we validate the ranking result of
the proposed method with rank reversal robust G-TOPSIS
(Tiwari and Kumar 2021) for crisp type QoS. The deci-
sion matrix along with QoS weight is shown in Table 10.
The QoS, and QoS, are costly parameters while others are
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Table 11 Decision matrix and QoS weight for cloud services ranking using fuzzy TOPSIS and RMo-TOPSIS

QoS, (0.1048) QoS5 (0.0748)  QoS, (0.0890) QoS (0.1345) QoS (0.1191)  QoS, (0.0898) QoS (0.1046)  QoS, (0.0744) QoS (0.0894)

QoS, (0.1195)

Cloud services

(0,0.2, 0.4)
(0,0.2, 0.4)

(0,0, 0.2)

(0,0.2, 0.4)
(0,0.2, 0.4)

(0,0,0.2)

(0.4,0.6,0.8)  (0.4,0.6,0.8)

(0,0.2, 0.4)
(0,0.2, 0.4)
(0,02, 0.4)
(0,0,0.2)

(0,02, 0.4)
(0,02, 0.4)
(0,02, 0.4)

(0,0,0.2)

(0,02, 0.4)
(0,0,0.2)

(0,02, 0.4)
(0,0, 0.2)

(0,0, 0.2)

(0,0.2, 0.4)
(0,0.2, 0.4)
(0,0.2, 0.4)
(0,0.2, 0.4)

Amazon EC2
Digital ocean

(0.4, 0.6,0.8)

(0.4, 0.6, 0.8)

0.2,0.4,0.6)
(0.4, 0.6,0.8)

(0.4, 0.6, 0.8)

(0.4, 0.6, 0.8)

(0,02, 0.4)
(0,02, 0.4)

(0,0.2, 0.4)
(0,0.2, 0.4)

Google

(02,0.4,0.6) (0,02,0.4) (0,0.2, 0.4)
(0,0.2, 0.4)

(0.2, 0.4, 0.6)
(0.4, 0.6, 0.8)

0.2,0.4,0.6)
0.2,0.4,0.6)

(0,0, 0.2)

Microsoft azure

02,04,0.6) (0,02, 0.4) (0,02, 0.4) (0.4,0.6,0.8)  (0.4,0.6,0.8)
(0,02, 0.4) (0,02, 0.4)

0.2,0.4,0.6)
(0,0.2, 0.4)

(0.2,0.4,0.6)
(0,0.2, 0.4)

Rackspace

(0.4,0.6,0.8) (0.2,04,0.6) (0.2,0.4,0.6)

(0.4, 0.6, 0.8)

0.2,0.4,0.6)

Softlayer

beneficial. The minimum and maximum values used for
RMo-TOPSIS are also shown in Table 10. The rank and
closeness index of cloud services computed using both
methods are shown in Table 10. Figure 3 shows the visual
comparison of rank obtained with both methods. It can be
observed that both methods rank cloud services in a similar
manner as the aggregation process is analogous with a slight
difference in the computation method of some steps.

The ranking result of the RMo-TOPSIS is also validated
with the generalization of TOPSIS for the fuzzy environ-
ment. It is compared with the framework proposed by Kumar
et al. (2017) to rank cloud services under a fuzzy environ-
ment. We considered the same decision matrix and QoS
weight used by Kumar et al. (2017) shown in Table 11. The
QoS to QoS, are cost parameters while others are benefi-
cial. The minimum and maximum value of QoS considered
for Mo-TOPSIS is (0, 0, 0) and (1, 1, 1) for all. The rank of
cloud services obtained on the decision matrix in Table 11
using fuzzy TOPSIS and RMo-TOPSIS is shown in Fig. 4.
It can be observed that both methods rank cloud services
in a similar manner, which validates our proposed method.

4.3 Sensitivity analysis

The sensitivity analysis is performed to monitor the rank
reversal phenomenon in RMo-TOPSIS. The first two cases
are carried out using deletion of cloud services from existing
decision matrix while other with addition. The QoS weight,
their data type, minimum and maximum value along with
type i.e. cost and benefit used in all cases are the same as
Table 3. In the first case, one cloud service is removed at a
time from the decision matrix shown in Table 4 and RMo-
TOPSIS is used to compute the rank of cloud services.
Initially, we removed CS; from the decision matrix and
computed the rank of the remaining cloud services. In the
successive experiment, we removed CS,, CS;  CSg from the
decision matrix one at a time. Table 12 shows the closeness
index computed in each experiment. It can be inferred that
the closeness index does not depend on the removal of a
cloud service and remains the same throughout all experi-
ments. The rank of cloud services obtained in each experi-
ment is shown in Fig. 5. It can be said that the order of rank
of cloud services remains consistent on the removal of cloud
services from the decision matrix. For example, it can be
observed in experiment two that the rank of CS, changes
to first and similarly the rank of other cloud services is also
reduced by one as best cloud service CS, is removed, but
overall their relative ranking order remains the same.

We performed a second case of sensitivity analysis by
removing more than one cloud service from the existing
decision matrix to monitor rank reversal. The parameters
and decision matrix used are the same as Tables 3 and 4,
respectively. Table 13 shows the closeness index of cloud
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Fig.4 The rank of cloud ser- 7
vices using fuzzy RMo-TOPSIS -
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Table 12 Closeness index of Cloud services Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Exp. 6 Exp. 7 Exp. 8
cloud services on removal
CS, - 0.5949  0.5949  0.5949 05949 05949  0.5949  0.5949
CS, 0.5983 - 05983  0.5983  0.5983  0.5983  0.5983  0.5983
CS; 0.5880  0.5880 - 0.5880  0.5880  0.5880  0.5880  0.5880
CS, 0.5667  0.5667  0.5667 - 0.5667  0.5667  0.5667  0.5667
CSs 0.5659  0.5659  0.5659 05659 - 0.5659  0.5659  0.5659
CSq 0.5589  0.5589  0.5589 05589  0.5589 - 0.5589  0.5589
CS; 0.5759  0.5759 05759 05759 05759 05759 - 0.5759
CSq 0.5799 0.5799 0.5799 0.5799 0.5799 0.5799 0.5799 -
Table 13 Closeness index of cloud services on the removal of multi-
ple services
e Cloud services  Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5
e cs, 0.5949 - - - 0.5949
eSS s, 0.5983  0.5983  0.5983 -
4 cs, 0.5880 - - 0.5880 -
eSS s, 0.5667 - 0.5667 - -
—e=C0S6 sy - - 0.5659  0.5659 -
—=CST ¢Sy 0.5589  0.5589  0.5589  0.5589 -
=08 s, - 05759 - - 0.5759
CSg 0.5799  0.5799  0.5799 - -

Exp. 5

Fig.5 The rank of cloud services on removal

service in the different experiments and we can observe that
the closeness index remains constant and does not depend
on the removal of more than one cloud service. So, we can
say that RMo-TOPSIS is robust to the rank reversal in case
of removal of more than one cloud service at a time.

We performed the third case of sensitivity analysis by
adding one cloud service in an existing decision matrix to
monitor robustness against rank reversal on the addition of
service. The parameters and decision matrix used are the
same as Tables 3 and 4 respectively. Initially, only three

@ Springer

cloud services CS|, CS, and CS; are considered in the deci-
sion matrix, and rank is computed using RMo-TOPSIS. In
the successive experiment CS,, CS; CSg is added one at a
time in the decision matrix to compute the rank. Table 14
shows the closeness index of cloud service in various experi-
ments. The closeness index of cloud services remains the
same and does not change with the addition of service
throughout all experiments. The rank of cloud services is
visually shown in Fig. 6. It can be guaranteed from Fig. 6
that the rank of cloud service only changes on the addition of
an optimal service but their rank order relative to ranking on



Decision making framework for heterogeneous QoS information: an application to cloud service... 2931

Table 14 Closeness index of

- - Cloud services Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Exp. 6
cloud services on addition
CS, 0.5949 0.5949 0.5949 0.5949 0.5949 0.5949
CS, 0.5983 0.5983 0.5983 0.5983 0.5983 0.5983
CS; 0.5880 0.5880 0.5880 0.5880 0.5880 0.5880
CS, - 0.5667 0.5667 0.5667 0.5667 0.5667
CSs - - 0.5659 0.5659 0.5659 0.5659
CSq - - - 0.5589 0.5589 0.5589
CS, - - - - 0.5759 0.5759
CSg - - - - - 0.5799
EXP. I i 70
: 5 80 56 56
6 2 60
5 ——CS1 :'_) 28 28
EXP. 6 4 EXP. 2 S 40 - -
: : Cs2 -
2 5 2 20 0 0 0 0 0
- 5 CS3 2
cs4 Z 0
e CS5 2 3 4 5 6
—e—CS6 Number Of Cloud Services Removed
EXP. 5 EXP. 3 —+—Cs7 —— Total Cases Rank Reversal Cases
—Cs8

EXP. 4

Fig.6 The rank of cloud services on removal

Table 15 Closeness index of cloud services on the addition of multi-
ple services

Cloud services Exp. 1 Exp. 2 Exp. 3 Exp. 4
CS, 0.5949 0.5949 0.5949 0.5949
CS, 0.5983 0.5983 0.5983 0.5983
CS; 0.5880 0.5880 0.5880 0.5880
CS, - - 0.5667 0.5667
CS; 0.5659 - 0.5659 0.5659
CSq - 0.5589 - 0.5589
CS, 0.5759 0.5759 0.5759 0.5759
CSq - 0.5799 0.5799 0.5799

the original decision matrix remains the same, which proves
RMo-TOPSIS is robust to rank reversal.

We performed the fourth case of sensitivity analysis by
adding more than one cloud service in the existing decision
matrix to monitor the rank reversal. We initially considered
the first three cloud services in the decision matrix and
randomly added more than one service in different experi-
ments. Table 15 shows the closeness index of different cloud
services in different experiments. It can be observed from
Table 15 that the closeness index of each cloud service
remains constant in all experiments and does not depend on

Fig.7 Number of rank reversal cases with random removal of cloud
services

the random addition of more than one cloud service, which
indicates that RMo-TOPSIS is robust to rank reversal with
the addition of more than one cloud services.

In another case, we randomly removed two to six cloud
services from the decision matrix shown in Table 4 and
monitored the rank reversal in RMo-TOPSIS. The param-
eters considered are the same as in Table 3 and obtained
results are shown in Fig. 7. There are 28 (3C,) possible deci-
sion matrices on randomly removing two cloud services
from the decision matrix shown in Table 4. Similarly, there
will be 8C,, possible decision matrices on removing n cloud
services. In Fig. 7, the total possible number of decision
matrices generated and cases with the rank reversal in RMo-
TOPSIS on removing n cloud services are shown. It can be
observed that there are zero cases with the rank reversal in
each experiment, which proves our claim of robustness from
the rank reversal in RMo-TOPSIS.

In the next experiment, we considered the decision
matrix shown in Table 8 and monitored rank reversal in
Mo-TOPSIS and RMo-TOPSIS. We considered the same
parameters for the experiment as mentioned in the case
study section for the decision matrix of Table 8. We ran-
domly removed the one to six cloud services from the deci-
sion matrix and found out the number of removals causing
a rank reversal in each method. Table 16 shows the result
of the experiment. It can be observed that RMo-TOPSIS
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Table 16 Rank reversal cases in different methods on random removal of services from decision matric in Table 4

Cloud services

removed method

Rank Total cases Rank Total cases Rank Total cases Rank Total cases Rank Total cases Rank

Total cases

rever-

sal

reversal

reversal

reversal

reversal

reversal

70 56 28
56

70

56
56

28

8
8

Mo-TOPSIS

28

28

RMo-TOPSIS

does not have a rank reversal in any case, while Mo-
TOPSIS has the rank reversal in each case except for the
removal of a single cloud service case. So, RMo-TOPSIS
is robust to rank reversal.

4.4 Comparison and discussion

In this section, we have compared the proposed RMo-TOP-
SIS with state of the art MCDM methods available in the
literature. We have compared the RMo-TOPSIS with Mo-
TOPSIS, G-TOPSIS, fuzzy-TOPSIS, and extended TODIM.
It has been already discussed that RMo-TOPSIS ranks alter-
natives similar to all the above methods, while it supersedes
them in handling rank reversal and QoS data types. Table 17
compares RMo-TOPSIS with the above methods in terms of
handling data type and rank reversal. RMo-TOPSIS is capa-
ble of dealing with a decision matrix having crisp, interval,
TFN, IFS, and NFS, as shown in its cloud service selection
application in the case study. It is also free from rank rever-
sal, as shown in the sensitivity analysis section. Mo-TOPSIS
can only handle QoS data types of crisp, interval, TEN, and
IFS, while it suffers from rank reversal, as shown in the
introduction section. G-TOPSIS extends the original TOP-
SIS, which is robust in rank reversal and works only with
the crisp data type. Fuzzy TOPSIS is another extension of
TOPSIS in the fuzzy environment, which ranks alternatives
based on QoS of TEN types. It is also robust to rank reversal.
Extended TODIM is another MCDM that ranks alternatives
based on QoS data types crisp, interval, and fuzzy, and it
is also robust to rank reversal. It can be observed from the
above discussion that RMo-TOPSIS outperforms all the
above methods in terms of handling different QoS data types
and robustness against rank reversal. So, RMo-TOPSIS will
be a good choice for decision-makers to make a consistent
decision in the presence of heterogeneous QoS information.

5 Conclusion and future work

In this paper, a novel MCDM based RMo-TOPSIS method
is presented to evaluate alternatives accurately and consist-
ently. This method is the generalization of TOPSIS, which
can process a decision matrix with a different type of QoS
like crisp, interval, TEN, IFS and NFS. RMo-TOPSIS has
several advantages in comparison to existing methods. First,
it does not transform the heterogeneous decision matrix into
homogenous and avoids loss of information in the trans-
formation process, which in turn makes it a more consist-
ent and reliable method. Second, it is the first rank reversal
free generalization of TOPSIS for heterogenous decision
matrix. The elimination of rank reversal further improves
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Table 17 Comparison of RMo-

TOPSIS and Mo-TOPSIS Method Crisp Interval TEN IFS NFS iaz/r;l;sal
robustness
Proposed RMo-TOPSIS v v v v v v
Mo-TOPSIS (Lourenzutti and Krohling 2016) v/ v v v X X
G-TOPSIS (Tiwari et al. 2021) v X X X X v
Fuzzy TOPSIS (Kumar et al. 2017) X X v X X v
Extended TODIM (Fan et al. 2013) v v v X X v

the consistent and robust ranking of alternatives. The pro-
posed method uses two standard fictitious alternatives, PIS
and NIS to remove rank reversal from Mo-TOPSIS. Third, it
is the first method that can process heterogeneous decision
matrix with NFS type QoS.

An application of RMo-TOPSIS is presented in cloud
service selection to show its practicability and efficacy in
the decision-making process. Its ranking result is validated
by comparing its ranking with existing MCDM methods for
heterogeneous decision matrix and variations of TOPSIS
for homogeneous QoS. It was found that it ranks cloud ser-
vices consistently and is nearly similar to other methods. A
sensitivity analysis consisting of a series of experiments is
executed to show its rank reversal robustness and found that
it is robust to rank reversal. Overall, the proposed method
provides a consistent way to evaluate cloud services. In the
future, RMo-TOPSIS can be integrated with other data types
to ranks alternatives.
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