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Abstract

Entropy is an important criteria weighting measure used in decision making. There
are different forms of entropy that are used to measure the inter criterion contrast
intensity. In this study, we defined various entropy and diversity measures as
criteria weighting approach in MCDM. We compared the approaches in terms of
the rank reversal phenomenon by conducting a simulation study according to the
framework we established. In addition, we compared these weighting approaches
in terms of their dispersion characterization in an illustrative case. The Gini-
Simpson index is the foremost index among these approaches, which is more
persistent to rank reversal, less sensitive to distribution of domain and outputs
more acceptable weightings.
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Rank reversal on entropy-based weighting methods Pala, 2025

1. Introduction

The problem involving the ranking of a certain number of alternatives by evaluating them over a
specific set of criteria is called Multi-Criteria Decision Making (MCDM) problem. To handle MCDM
problems and assist the decision-maker, there are numerous methods that have been developed
and applied various areas. The state of art methods can be tracked down in assorted fields such as;
renewable energy (Lak Kamari et al., 2020), business analytics (Yalcin et al., 2022), heritage buildings
(Nadkarni & Puthuvayi, 2020), sustainability engineering (Stojcic et al., 2019), corporate sustainabil-
ity (Chowdhury & Paul, 2020), failure mode and effect analysis (Liu et al., 2019), sustainable supply
chain management (Paul et al., 2021), sustainable manufacturing (Jamwal et al., 2020; Pelissari et
al,, 2021), construction (Zhu et al., 2021), transportation (Yannis et al., 2020), financial modelling
(Almeida-Filho et al., 2020), intrusion detection systems (Alamleh et al., 2022), supply chain in the
industry 4.0 (Unhelkar et al., 2022). Bibliometric studies are also carried out regarding the usage
areas of MCDM (Bragge et al., 2012).

MCDM approaches support decision makers by taking an analytical role in the decision-making
phase when there are multiple criteria and alternatives in a decision problem, in the light of these
criteria. In this case, the most basic structure affecting the overall ranking is the criteria weight
vector (Zardari et al., 2015).

Criteria weights can be determined subjectively by experts in the field, or they can be obtained
objectively based on the decision matrix alone. The second approach is often preferred due to
expert’s possible bias or inaccuracy in decision-making regarding the importance of the criteria, as
it can eliminate the both of these flaws. Odu (2019) also stated that decision-makers usually struggle
to assign criteria weights with pinpoint accuracy.

For these previously mentioned reasons, the use of objective criteria weighting approaches in MCDM
has become widespread. The Entropy method, which is based on information theory has been one of
the first addresses referenced at this point (Sidhu et al., 2022). The Entropy method which basically
uses Shannon (1948)‘s Entropy, measures the degree to which criteria distinguish alternatives most.

The advantages of the Entropy method are that it provides a simple, uncomplicated, and unbiased
approach to calculating the weights of the criteria by taking into account the contrast intensity
(Kumar et al., 2021), while the shortcomings of the approach are as follows; the Entropy method has
been criticized for producing distorted results when there is a zero value in the decision matrix (Zhu
etal., 2020), it can assign weights to criteria with large differences between the largest and smallest
importance levels (e.i. hypersensitivity), and even in some extreme cases, a criterion with a zero
importance value can be found, which is not acceptable in the context of MCDM theory (Wang &
Luo, 2010).

In MCDM theory, there is another prominent debate is concerning practitioners about the indepen-
dence of the alternatives ranking’s from adding or removing of an alternative which is namely
Rank Reversal (RR) phenomenon (Baczkiewicz et al., 2021). Decision makers expect criteria weighting
methods to not cause this problem or at least to limit it.

The RR problem was introduced in MCDM discussing through the Analytical Hierarchy Process (AHP)
and an approach was proposed to overcome this problem (Belton & Gear, 1983). However, it was
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later stated that this approach could not prevent RR either (Saaty & Vargas, 1984). Since then, the RR
problem has been frequently studied, both with related to AHP (Eskandari & Rabelo, 2007; Maleki &
Zahir, 2012) and generally in decision making (Ayrim et al., 2018; Ceballos et al., 2018; Farias Aires &
Ferreira, 2018; Nazari-Shirkouhi et al., 2011; Saaty & Ergu, 2015; Wang & Luo, 2009).

While some authors proposed new MCDM techniques to prevent RR (Mousavi-Nasab & Sotoudeh-
Anvari, 2018; Mufazzal & Muzakkir, 2018; Munier, 2016) and some others compared existing methods
in terms of RR tendency (Hinduja & Pandey, 2021; Keshavarz-Ghorabaee et al., 2018). Additionally
there were efforts to explore the RR resistantancy of normalization methods (Aytekin, 2021) and to
determine local criteria weights using MCDM approach resistant to RR (Baczkiewicz et al., 2021)

It is acknowledged that one of the reasons behind the RR is the criteria weights (Farias Aires &
Ferreira, 2018). The obtained weight vector by the Entropy method, which is based on the dispersion
of performance scores of alternatives on each criterion, is inevitably affected by the inclusion or
exclusion of an alternative.

RR occurring rates are taken into account as an important measure in comparing the effectiveness of
MCDM techniques (Keshavarz-Ghorabaee et al., 2018). However, RR comparative analyzes are mostly
performed between ranking MCDM methods (Farias Aires & Ferreira, 2019). In the literature, there
is a great lack of comparing the effectiveness of objective criteria weighting methods on the basis
of RR.

The aim of the study is to define the use of different types of entropy and diversity indices in criteria
weighting and to perform a simulation-based comparative efficiency analysis on RR. For this, we
paired them with two basic ranking approaches, the Weighted Sum Method (WSM) and the Weighted
Product Method (WPM). Next, we investigated how much RR occurrences ratios the criteria weights
cause in the ranking methods. Additionally the dispersion characterizations of each approach were
explored to identify their responses in different cases.

Our main motivation and research problem is to seek answers to the question of which entropy
functions are more resistant to RR and can get more acceptable results in criteria weighting, which
are the main problems in MCDM. So in this study we have research questions as “How do different
entropy functions handle rank reversal, and which are more robust against it?” and “Which method
entropy function provides sufficient contrast intensity while also yielding less hypersensitivity?”

The rest of the paper is organized as follows. In Section 2 we introduced various entropy-based
approaches in criteria weighting. The simulation-based comparative analysis was conducted to
acquire the efficiency of each entropy-based weighting method in terms of RR in section 3. Next
section is organized to explore the dispersion characterization of each entropy-based weighting
method. The conclusion which includes the overview of entropy-based weighting methods and
criteria weighting related RR is the last part of the study.

2. Entropy-based Methods

Shannon entropy is known as the entropy type used in the Entropy method in the MCDM literature.
Apart from the classical Entropy method, entropy is generally used in MCDM with the fuzzy-type of
Shannon entropy (Liu et al., 2020; Lotfi & Fallahnejad, 2010) or fuzzy and similar derivatives of cross-
entropy (Khalaj et al., 2019; Li et al., 2020; Wei, 2016).
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We, on the other hand, made comparisons between methods by adapting different types of
entropies to MCDM as an alternative to Shannon entropy, as follows.

2.1. Shannon Entropy Method

One of the most popular objective criteria weighting methods was defined by Hwang & Yoon (1981)
based on the Shannon (1948) Entropy (SE) in Eq. 1

n

H = _Zpi In p, (1)

i=1

The entropy method by Hwang & Yoon (1981) is described as follows;

Suppose the decision matrix G = includes n number of alternatives with m number of

”gij”n*m
criteria set where g,; denotes the score of the alternative i*h based on criterion j**. The entropy
method normalizes the matrix via Eq. 2
9ij
2= (2)
Y Z?:l 9ij

The (Shannon) entropy of criterion jt* is defined in Eq. 3;

e; = () Zdij Ind;; (3)

The importance of criterion jth can be obtained by employing Eq. 4 as follows;

o ()
we, = ———7——
7 om— Zi:l e;
2.2, Gini-Simpson diversity Method
The development of Gini-Simpson diversity (GSD) index goes back to Gini (1912) (see Eq. 5).
D=1-3p2 (5)

The GSD is quite popular in various field such as portfolio optimization (Aksarayli & Pala, 2018),
urban water management (Gonzales & Ajami, 2017), and health (Rai & Kim, 2020). GSD had some
implementations in MCDM concept within fuzzy framework (Kumar & Kumar, 2021; 2022; Ma, 2019).
However, a method definition is required for the GSD in criteria weighting to be suitable for
comparison. We described the criteria weighting via GSD as follows;

The normalization process of the decision matrix G = has to be same with SE as in Eq. 2.

Then the GSD of criterion j** can be acquired by Eq. 6

n
95, = D% (6)
i=1

The criteria weights according to GSD can be evaluated by Eq. 7 as follows;
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WS = —=m———— (7)

2.3. Yager Entropy Method

Yager (1988) introduced Ordering Weighted Averaging (OWA) operators as an aggregation method for
information processing in MCDM, and then Yager (1995) defined Yager entropy (YE) to characterize
the dispersion property of OWA operators as follows;

p; — % (8)

=1

Other than OWA related works (see Emrouznejad & Marra (2014), Yager entropy has become quite
popular in various fields such as portfolio optimization (Yue & Wang, 2017), image segmentation
(Ghosh et al., 2010), and agriculture (Adeel et al., 2020).

To compare Yager entropy in criteria weighting with SE and GSD adequately, we also employed Eq.2in
normalizing decision matrix. Then, the relative importance of criterion jth and its overall importance
are evaluated via Eq. 9 and Eq. 10, respectively.

w 1
Y= — Z ii T, (9)
=1
Yj
wy = 10
T (10)
2.4. Rao Entropy Method
Rao (1982) introduced quadratic entropy which is known as Rao Entropy (RE) as,
S—-1 S
QE=>_ > dyppy (11)
=1 k=i+1
where d,;, can be acquired by Eq. 12
1 & 2
dy, = E Z (Xij - ij) (12)
j=1

Rao’s Entropy became a useful tool to assess partitioning and dispersion in various field such
as portfolio optimization (Carmichael et al., 2017), patent document analysis (Khachatryan &
Muehlmann, 2019), and environmental heterogeneity research (Doxa & Prastacos, 2020).

We defined assessing criteria weight via Rao Entropy in Eq. 13 and Eq. 14 as follows;

n—1
Ty = Z Z i 221 (13)

i=1 k=i+1
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wr; = = (14)

J Ej:l r;

where d;; and z;; can be obtained by Eq. 15 and Eq. 2, respectively.

1 m
dir, = o Z (zi; — ij)z (15)

J=1

3. Comparative Analysis

In this section, we performed comparative analysis between four types of entropy method in terms
of various RR cases in ranking with WSM and WPM. Additionally, we analyzed the alteration of
ranking order in criteria weights in RR instances. To examine in detail, we generated random problem
examples using same outlines in parallel with Farias Aires & Ferreira (2019) and Baykasoglu & Ercan
(2021), but by making some changes like increasing number of alternatives and criteria classes from
4to5(callingthem as low, lower-middle, middle, upper-middle, high), expanding interval range from
[0-200] to [0-1000] and augmenting replications number from 100 to 1000 in the input parameters
as follows;

» Number of Alternatives (n): 4 (low), 8 (lower-middle), 12 (middle), 16 (upper-middle), 20 (high).

» Number of Criteria (m): 4 (low), 8 (lower-middle), 12 (middle), 16 (upper-middle), 20 (high).

» Scores of the alternatives for each criterion: randomly generated by employing a uniform distri-
bution in the interval [0-1000];

» Number of replications; 1000 instances for each combination, thence 25000 different decision
problems are generated.

Within this concept, the entropy based weighting methods (SE, GSD, YE, RE) compared in WSM and
WPM through the five different types of RR as follows;

Type 1: RR occurs if the alternative rank order is altered with including an irrelevant alternative to
the problem. See, Verly & Smet (2013) and Cinelli et al. (2014). In this case we added an alternative
which might yields changing in criteria weights to the problem and check out if the alternative rank
order is also changed.

Type 2. RR occurs if the best alternative is changed with including an irrelevant alternative to the
problem. See, Farias Aires & Ferreira (2019) and Baykasoglu & Ercan (2021). In this case we added an
alternative which might yields changing in criteria weights to the problem and check out if the best
alternative is also changed.

Type 3. RR occurs if the alternative rank order is altered with incorporating an identical copy of an
alternative to the problem. See, Baykasoglu & Ercan (2021). In this case we added an alternative
which might yields changing in criteria weights to the problem and check out if the alternative rank
order is also changed.

Type 4: RR occurs if the alternative rank order is altered with excluding an irrelevant alternative from
the problem. See, Verly & Smet (2013) and Cinelli et al. (2014). In this case we removed an alternative
which might yields changing in criteria weights from the problem and check out if the alternative
rank order is also changed.
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Type 5. RR occurs if the best alternative is changed with discarding an irrelevant alternative from the
problem. See, Farias Aires & Ferreira (2019) and Baykasoglu & Ercan (2021). In this case we dropped
an alternative which might yields changing in criteria weights to the problem and check out if the
best alternative is also changed.

Additionally we explored RR phenomenon in criteria ranks with defining 3 extra types of RR as
follows;

Type 6. RR occurs when the addition of an irrelevant alternative causes any ranking change in criteria
importance order.

Type 7. RR occurs if the criteria rank order is altered with incorporating an identical copy of an
alternative to the problem.

Type 8. RR occurs when the extraction of an irrelevant alternative causes any ranking change in
criteria importance order.

In this study, we solved 25000 decision problems and the RR conditions in WSM and WPM and criteria
were evaluated simultaneously. The flowchart of the study represented as follows.

Y

[ Generate random (25000) problems ]

Y

[ Weight criteria with SE, GSD, YE, RE ]

— 53—

Evaluate ranking of Evaluate ranking of Calculate RR for types 6,7,8 according
alternatives with WSM alternatives with WPM to criteria importance order

\H

Calculate RR for types 1,2,3,4,5 according to
alternative ranking

3.1. Comparing entropy based methods for rank reversal problem in WSM

The WSM method is a pioneer in decision-making and one of the mostly ever used approaches in
MCDM problems. The total score of an alternative S; can be obtained by WSM (Fishburn, 1967) as
follows,

J=1

where z;; are the normalized matrix elements and can be acquired by Eqg. 2.
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In Table 1, we presented RR average ratios (Type 1-5 used as T1-T5) according to each weighting
methods in WSM The comma-separated data in the table are ordered from the lowest to the highest
number of alternatives. For example, the 1st and 5th data points are the RR percentages obtained
with the low (n=4) and high (n=20) number of alternatives, respectively.

Accordingly first data points present the RR results for the decision problems which the numbers of
alternatives are considerably low. When the number of alternatives is low, as the number of criteria
increases, the RR type that increases the most is Type 3, while Type 2 is the least observed one in
general. As an exception to least observed type of RR, the results obtained with SE can be seen (see
Type 5) when the number of criteria is low, but as the number of criteria increases, a similar situation
prevails for SE (see Type 2 ) as with the others.

In second data points, the RR results for the decision problems which the numbers of alternatives
are considerable in the lower-middle category are provided. When the number of alternatives is
lower-middle and the number of criteria is low the highest RR occurrences are observed in Type 1,
while with the increase in the number of criteria the Type 3 has become be observed more. The least
observed type of RR is actualized as Type 2.

Third data points present results for the decision problems with number of alternatives are
considerable in the middle category. While Type 1, 3, and 4 have high occurrences ratios even with
low number of criteria, they all goes up to higher levels with the increase in number of criteria.
Contrastingly, the Type 2 and 5 which both can be observed similar each other and lesser than others,
are not ascended rapidly with the increase in the number of criteria.

In forth data points, we present the results with number of alternatives are considerable in the
upper-middle category. While the rate of observation of Types 1, 3 and 4 was at least 2 out of 3 even
for a low number of criteria, this rate became around 90% when the number of criteria increased. The
rate of increase in the incidence of Types 2 and 5, when the number of criteria increased, decreased
considerably. Fifth data points present results for the decision problems with the maximum number
of alternatives. While the rate of observation of Types 1, 3 and 4 was at least 3 out of 4 even for
a low number of criteria, this rate became around 95% when the number of criteria increased.
Contrastingly, Types 2 and 5 are not observed more than 7% even when the number of criteria is at
maximum.

In general, The GSD yielded better results than any of the other methods in every of RR types with
the exception of Type 3 in which RE outperformed all. This is due to RE method consists of distances
between each alternative as a multiplication element and in Type 3 where a copy of an alternative
would have zero distance with the original one. Therefore, both of these criteria weights may have
lower r; values and their share in weighting would be diminished. Accordingly adding a copied
alternative (See Type 3) would be a lesser problem for RE. Another general inference is that as the
number of alternatives increases, the occurrences of Type 1, 3 and 4 increase, while Type 2 and 5
decrease.
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Table 1. RR ratios of each entropy based methods in WSM

SE GSD YE RE
T 3159,76,81,85  2550,6578,81  31,56,73,83,84  33,63,78,86,92
i) 12,9,7,6,5 9,7,5,4,3 10,9,7,4,3 12,10,8,5,4
m=4 T3  31,5974,83,86  30,54,69,74,83  33,59,73,82,84  30,43,55,67,76
T4 2356,74,82,86  16,46,61,72,80  20,52,69,78,85  23,58,75,84,89
T5 10,12,8,7,5 9,7,4,3,2 10,9,6,44 122,754
1 41,74,86,91,94  28,60,76,83,89  36,66,83,89,94  39,68,83,91,95
) 16,11110,7,7 11,7,6,3,3 12,9,7,6,5 15,10,8,6,5
m=8 T3  49,7589,9497  40,66,77,88,92  4572,86,92,96  34,52,67,77,81
T4 28,66,86,91,95  22,53,72,79,88  27,62,79,86,92  27,63,80,90,95
T5 1413,9,10,7 12,8,5,4,3 14,10,7,6,5 15,13,8,7,6
T1  4578,90,9597  34,6177,87,93  38,69,86,92,95  40,72,87,93,97
T2 15,14,11,9,7 13,9,7,5,4 1411,8,6,5 16,12,8,8,6
m=12 T3  56,84,91,9697  4870,82,9193  5578,89,9596  41,57,70,81,84
T4 28,67,869596  23,5472,8490  26,61,81,91,94  29,70,85,92,96
T5 16,13,11,9,7 140,7,4,4 15,11,9,8,8 1714,10,8,6
T1  4778,91,97,98  36,61,78,86,92  42,70,86,93,96  45,80,87,95,96
) 16,12,10,9,7 12,9,6,4,4 14112,6,7,6 15,13,9,8,6
m=16 T3  6586,94,97,99  5574,8591,95  59,83,92,9498  4557,70,81,87
T4 33,70,87,9497 2557758591  29,64,82,92,95  33,70,89,93,96
T5 1714,10,8,6 140,7,4,4 16,12,9,7,5 20,15,10,7,7
T1 4778919698 3564778890  42,71,8593,96  4580,90,95,97
) 1712111,8,6 130,7,6,4 15,10,8,7,6 15,1511,8,6
m=20 T3  68,90,96,98,98  60,80,87,92,95  65,86,92,96,98  47,62,76,83,87
T4 3474889698  26,57,74,8490  29,66,81,93,96  34,74,89,93,97
T5 21,1711,8,7 15,10,7,7,3 1711,8,7,6 18,15,10,10,6

Pala, 2025

We also evaluated the averages for each type of RR and overall average RR according to weighting
methods. The results are provided in Figure 1. In WSM, while the observation rate of Type 2 and 5
are around 10%, the occurrences of Type 1, 3 and 4 are very high as about 80%. According to results
provided Table 1 and also overall averages, the GSD is the most robust entropy based weighting
scheme for WSM, while SE is the least. Figure 2 ranks the entropy functions in terms of resistance to
RRin WSM. In these rankings that are made for different types of RRs with alternatives and criteria of
different sizes, for example A4T1K8 indicates that the ranking is made for type 1 RR with 4 alternatives
and 8 criteria.
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Figure 2. RR resistance ranks of weighting methods in WSM

3.2. Comparing entropy based methods for rank reversal problem in WPM

The WPM is a foremost ranking method in MCDM and the overall utility score of alternatives can be
acquired by Eq. 17 as follows (Triantaphyllou & Mann, 1989; Zavadskas et al., 2012).
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m
Uy =[] ()" i=1,...n (17)
j=1

where z,; are the normalized matrix elements and can be obtained by Eq. 2.

In Table 2, we presented RR average ratios (Type 1-5) according to each weighting methods in WPM.
The comma-separated data in the table are ordered from the lowest to the highest number of
alternatives. For example, the 1st and 5th data points are the RR percentages obtained with the low
(n=4) and high (n=20) number of alternatives, respectively.

Accordingly first data points present the RR results for the decision problems which the numbers
of alternatives are considerably low. When the number of alternatives is low, as the number of
criteria increases, the RR type that increases the most is Type 3, while Type 2 and Type 5 are the
least observed ones in general.

In second data points, the RR results for the decision problems which the numbers of alternatives
are considerable in the lower-middle category are provided. When the number of alternatives is
lower-middle and the number of criteria is low the highest RR occurrences are observed in Type 1,
while with the increase in the number of criteria, the Type 3 has become be observed more. The
least observed types of RR are actualized as Type 2 and 5.

Third data points present results for the decision problems with number of alternatives are consid-
erable in the middle category. While Type 1, 3, and 4 have high occurrences ratios even with low
number of criteria, they all goes up to higher levels with the increase in number of criteria with the
exception of GSD which is RR free at least half of examples. Contrastingly, the Type 2 and 5 which can
be observed similar to each other and lesser than others are not ascended rapidly with the increase
in the number of criteria and remain lesser than 8%.

In forth data points, we present the results with number of alternatives are considerable in the
upper-middle category for WPM. While the rate of observation of Types 1, 3 and 4 was at least 1 out
of 3 even for a low number of criteria, this rate became upper than 50% when the number of criteria
increased with the exception of RE for Type 3. The rate of increase in the incidence of Types 2 and
5, when the number of criteria increased, slightly increased.

Fifth data points present results for the decision problems with the maximum number of alternatives
for WPM. While the rate of observation of Types 1, 3 and 4 were nearly at least 1 out of 2 even for
a low number of criteria, this rate became upper than 60 % when the number of criteria increased
and again with the exception for RE in Type 3. Contrastingly, Types 2 and 5 are not observed more
than 6.2 % even when the number of criteria is at the highest.

In general, The GSD yielded better results than any of the other methods in every of RR types with
the exception of Type 3 in which RE outperformed all. However, GSD in decision problems with
low number of criteria possess more resistance to RR including the Type 3 than RE. The even the
advantage of RE in Type 3 which is previously mentioned in the paper do not provide sufficient edge
over GSD. Another general inference is that as the number of alternatives increases, the occurrences
of Type 1, 3 and 4 increase, while Type 2 and 5 decrease.
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Table 2. RR ratios of each entropy based methods in WPM

SE GSD YE RE
T1  23,47,60,71,76 9,23,34,41,49 19,42,56,65,71  25,41,59,69,75
p) 9,7,5,4,3 2,2,21,1 6,5,3,2,1 10,4,3,2,1
m=4 T3 21,43,62,7275  11,24,33,42,49  17,40,55,6573  20,27,33,42,47
T4 154458,70,76  6]18,29,42,46 13,36,51,64,71  16,38,53,66,73
T5 8,8,5,3,4 31,11,0 6,6,3,,3 9,4,3,4,2
T1  26,5574,82,86 1429404956  22,49,63,75,81  33,55,70,77,84
p) 10,7,6,5,3 4,2,21,1 6,4,3,2,3 10,5,5,3,3
m=8 T3  33,60,77,8589  20,3546,53,59  30,51,68,73,84  21,27,35,40,42
T4 19,50,71,79,88  9,2438,46,57  1540,61,74,82  22,49,67,76,83
T5 10,7,6,4,4 4,321 7,4,4,3,3 10,6,6,3,3
T1  30,6177,8592  1533,4554,63  24,53,6580,87  34,58,73,83,89
T2 10,8,5,5,5 43,212 8,6,5,4,2 12,8,4,4,3
m=12 T3  40,67,80,91,93  22,40,51,61,67  32,60,74,81,86  22,2531,38,41
T4 1753,74,8590  10,2538,51,59  14,44,63,77,84  23,53,69,78,88
T5 9,8,6,7,5 5,2,21/1 8,6,5,3,3 11,8, 44,4
T1  30,61,80,87,94  14,33,46,59,63  23,50,66,77,88  36,62,77,84,90
p) 8,8,7,5,5 3,3,2.21 6,7,5,4,3 12,8,5,4,4
m=16 T3  4872,86,91,95  27,40,52,62,71  39,60,74,8590  21,23,32,35,39
T4 19,58,76,88,92  9,26,4355,64  1444,6576,87  26,56,72,84,86
T5 10,9,7,6,5 4,3,2,2,2 6,6,4,4,3 13,8,7,4,4
T1  32,6580,91,93  1533,4557,60  27,54,67,80,88  38,68,77,86,90
p) 11,9,7,5,5 5,3,2,2,2 8,6,4,3,3 14,9,7,4,3
m=20 T3  52,75879495 3144556370  44,6579,8590  20,27,30,33,36
T4 20,54,76,88,93  12,28,42,56,63  17,48,6576,87  27,61,78,86,88
T5 11,9,7,5,6 6,2,3,2,0 9,6,4,4,3 13,10,7,4,3

Pala, 2025

We also evaluated the averages for each type of RR and overall average RR according to weighting
methods. The results are provided in Figure 3. In WPM, while the observation rate of Type 2 and
5 are around 5%, the occurrences of Type 1, 3 and 4 are medium as about 50 %. According to
results provided in Table 2 and also overall averages, the GSD is the most robust entropy based
weighting scheme for WPM, while SE is the least. Figure 4 ranks the entropy functions in terms of
resistance to RR in WPM. In these rankings made for different types of RRs with alternatives and
criteria of different sizes, for example A8T2K4 indicates that the ranking is made for type 2 RR with
8 alternatives and 4 criteria.
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3.3. Comparing entropy-based criteria weighting methods on criteria rank preser-
vation and acceptancy

The sensitivity analysis concerning criteria importance levels is a common practice in MCDM (Chen et
al., 2010). Since the criteria weights have direct effect on alternative ranking, their direct rank order
stability is also another topic to focus on. Basically, if their rank preservation cannot maintain with
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adding or removing an alternative then a RR problem arouses. Additionally, Zavadskas & Podvezko
(2016) and Ecer & Pamucar (2022), who proposed two objective weighting methods, IDOCRIW and
LOPCOW, respectively, mentioned that the ratio of maximum to minimum criteria weights should
be low enough to circumvent of dominance by a single criterion on decision problem which is
not a sensible and acceptable case in practical. We also compared entropy-based methods in this
acceptancy sense.

In Table 3, we presented RR percentages (Type 6-8) and weighting ranges with max/min ratio (RA)
according to each weighting methods for 25000 decision problems. The comma-separated data in
the table are ordered from the lowest to the highest number of alternatives. For example, the 1st
and 5th data points are the RR percentages obtained with the low (n=4) and high (n=20) number
of alternatives, respectively. In general (See Table 3), The SE yielded better results than any of the
other methods in all RR types, albeit the differences may be negligible except in the case of the
low number of criteria. However, the ratio values between the maximum and minimum criteria of SE
seem to be quite large and problematic.

Table 3. RR and max/min ratios of each entropy based methods in criteria ranks

SE GSD YE RE
T6  54.9,44.9,44.9,33,29.8 58.8,471,471,33.5,32.5 62.9,48.8,48.8,36.6,341 73.2,67.2,67.2,60.9,58.5
T7  33.733.5,33.5,29.3,30.2 39.5,37.3,37.3,30.9,30.3 45.6,41.8,41.8,36.3,33  58.7,42,42,32.8,30.6

m= T8  62.9,45.5,45533.2,31 66.2,50.6,50.6,36.7,34.4 69.3,511,511,39.4,33.9  781,68.9,68.9,59.9,59
RA 20.5,3.9,3.9,2.3,21 1.41.31.31.21.2 3.4,2,21.61.5 1.70.61.41.2,1.2
T6 95.2,88.9,88.9,80.778.4 97.7,93.3,93.3,83.2,80.7 97.9,93.6,93.6,85,84.6  99,99.5,99.5,99.2,99.1
T7  821,80.7,80.7,76.4,74.5 86.8,86.3,86.3,79.3,78.4 91.4,89.6,89.6,82.5,82.4 94.6,85.1,85.1,74.8,69.8
m=8 T8  973,91.3,91.3,81.4,79.4 98.2,93.6,93.6,85.,84.3 99.1,94.2,94.2,87.8,85.9 99.2,99.1,99.1,99.5,98.9
RA 461,6.3,6.3,31,2.7 1.70.4].41.3).3 5.3,2.6,2.6,1.9,1.7 1.81.5,1.5,.31.2
T6  99.8,99,99,95.7,947  100,99.4,99.498,98  100,99.7,99.798.798.5  100100100100100
T7  971,96.596.5,96.2,941 98.3,97.6,97.6,97,95.4  99.6,99.4,99.4,981,97.5 99.9,96.2,96.2,94.2,90.3
m=12 T8  99.9,99.2,99.2,973,96  100,99.6,99.6,97.9,97.3 100,99.8,99.8,99.2,98.2  100,100,100,100,100
RA 64.9,8.3,8.3,3.7,31 1.8,1.5].5,1.31.3 6.4,3,3,2,1.9 1.9].51.51.3,1.2
T6  100,100,100,99.9,99.7  100,100,100,100,99.9  100,100,100,100,99.7 100100100100100
T7  99.7,99.6,99.6,98.8,98.9 99.8,99.8,99.8,99.8,99.7 100,100,100,99.8,99.9  100,99.9,99.9,98.4,99
m=1e T8  100,100,100,99.6,99.6  100,100,100,99.8,99.8  100,100,100,100,100 100100100100100
RA  88.3101,101,413.4 1.8,1.6,1.6,1.4,1.3 71,3.2,3.2,2.2,2 1.91.51.51.3,1.2
T6  100,100,100,100,99.8  100,100,100,100,100  100,100,100,100,100 100100100100100
T7  100,100;100,99.9,100  100,100,100,100,100  100,100,100,100,100  100,99.9,99.9,100,99.7
m=20 T8  100,100,100,100;100  100;100,100,100,100  100,100,100,100,100 100100100100100
RA  213.210.710.7,4.53.7 1.9,1.6,1.6,1.4,1.4 8.5,3.4,3.4,2.3,2.1 1.91.5].51.3,1.2

The RR occurrence rates are rapidly growing as the number of criteria increase, aside from that the
rank preservation is getting more complex with small number of alternatives. Accordingly, the large
number of alternatives can be seen as a factor that increases the rank stability of the criteria. While
SE benefits the most in terms of acceptability from the increase in the number of alternatives, it
also suffers the most from the increase in the number of criteria.
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We evaluated the averages for Type 6, 7, and 8 and also overall average RR according to weighting
methods. The results are provided in Figure 5. The occurrences for all types and methods are higher
than 80%, which might be seen a major concern for these methods. According to results provided
in Table 3 and also overall averages, the SE is the most robust entropy based weighting scheme for
criteria rank preservation, while RE is the least, albeit the differences are minor.

100%

:sE

B - BGsD

RE
0%
40%
20%

0% - — — - -

Typawc Type®? Type#d Averages

Figure 5. RR averages according to each weighting method in criteria ranking

We also examined the averages of minimum, maximum, and ratios (max/min) of criteria weights for
each method. The results are provided in Table 4. According to results, the RE is come to the fore

in acceptancy, while GSD following it tightly. Conversely, the SE has the least acceptable outcome,
by far.

Table 4. Averages of minimum, maximum, and ratios for each method

SE GSD YE RE

min; 0.0523 0.0993 0.0742 0.0958

max; 0.198 01359 0.1592 01308

max;

<3

211135 1.4435 2.9991 1.4248

mmj

In general, WPM and WSM become more resistant to RR with GSD, while for WPM in particular, this
difference is more obvious. SE performed poorly in RR (Type 1to 5) for alternative ranking with WSM
and WPM. The differences of RR rates (Type 6 to 8) for weighting methods in terms of criteria weight
ranks are very small and negligible. However, while SE performed at max/min ratios, others can
produce more suitable results. GSD approach provides, inter alia (RR), a very high acceptancy (less
max/min ratios) as well.

We evaluated Spearman rank correlation between each method in terms of the ratio of maximum to
minimum criteria weights to investigate the dispersion correlations of each method. We provided
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correlation results in Table 5 and accordingly RE is completely differentiated from the others, SE
and YE have a very close correlation, while GSD differentiates slightly from the last two.

Table 5. Spearman Rank Correlation of each method based on dispersion

SE GSD YE RE
SE 1.0000 0.8739 0.9624 0.6087
GSD 0.8739 1.0000 0.8857 0.5863
YE 0.9624 0.8857 1.0000 0.5961
RE 0.6087 0.5863 0.5961 1.0000

Averages 0.86125 0.836475 0.86105 0.697775

4. An illustrative case study to investigate the entropy-based methods

To explore the dispersion characterization of each entropy-based method in more depth, we defined
an illustrative problem with six criteria (C1,...,C6) which all of these criteria have different dispersion
character on five alternatives (A1,...,A5).

Table 6. An Illustrated Example Data

a C2 (o} C4 C5 Cé
Al 900 1 1 4 550 998
A2 9 990 3 8 400 998
A3 1 980 990 24 960 998
A4 1 990 970 36 990 999
A5 9 975 980 16 500 998

In Table 6, C1 highlights only one alternative, while C2 highlights every observation point except
skipping one. In C3, while the criterion dispersed observation points at extremes, they are not stand-
alone. C4 provides less differentiation compared to the first three criteria. This situation continues
to increase in C5 and C6, respectively. We provided the criteria weights according to each method
for the case study in Table 7. This illustrative case study demonstrates the hypersensitivity of SE
to the distribution of performance scores of alternatives in the criteria which is also previously
mentioned in the literature (Mukhametzyanov, 2021). While YE suffered from same issue with SE, the
RE completely failed in dispersion. While the GSD could reflect the contrast intensity, it was the only
approach that was acceptable and not hypersensitive, simultaneously.

In Table 8, we presented the WSM and WPM rankings according to each weighting method, respec-
tively. The WSM and WPM rankings with RE weights are completely different from others and
inadmissible in the meantime. Apart from RE, while the three weighting methods yielded same
ranking with WSM, they have differences in WPM rankings. However, when we evaluated the WSM and
WPM rankings of the three weighting approaches within themselves, GSD has a magnitude difference
of 4 in terms of rank difference magnitudes, while the others have a difference of 6 each. Accordingly,
the WSM and WPM rankings of GSD seem more consistent.
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Table 7. Criteria Weights

] Q2 c3 Ch cs C6 Crnax/ Cmin
SE 0.5952  0.0888  0.2012  0.0887 0.026 0 Inf
GSD  0.4253 0111 01477 01267 01005  0.0889 4.8
YE 0.4248 0.109 0.2176 01538  0.0947  0.0001 4248
RE 0.037 01093 0.0254 01463 0.3174 0.3647 4.4

Table 8. WSM and WPM Ranking of Alternatives
WSM

SE score rank GSD score rank YE score rank RE score rank

A1 0.5906 1 0.4559 1 0.438 1 0.1671 4

A2 0.0395 5 0.0733 5 0.0569 5 0.1514 5

A3 0122 3 0.1585 3 0.1695 3 0.2382 2

A4 01332 2 0.1759 2 0.1901 2 0.2611 1

A5 01148 4 0.1364 4 0.1455 4 0.1821 3
WPM

SE score rank GSD score rank YE score rank RE score rank
A1 0.0688 1 0.0593 1 0.037 2 0.0655 5

A2 0.0108 4 0.0224 5 0.0152 5 01208 4
A3 0.0105 5 0.0259 4 0.0271 4 0.1998 2
A4 0.0109 3 0.0273 3 0.0289 3 0.2143 1
A5 0.0369 2 0.0586 2 0.0608 1 01659 3

5. Conclusion

This study presents the use of different types of entropy and diversity measures in MCDM, particu-
larly in criteria weighting. While SE is a very popular diversity metric in MCDM, GSD, YE and RE are
metrics that have found their place in limited areas such as portfolio optimization. In our study to
highlight these metrics in MCDM, these approaches were evaluated through RR, which is an impor-
tant phenomenon in decision analysis. For this reason, we tested the synergy created by the ranking
methods such as WSM and WPM and these weighting approaches together with a comprehensive
simulation study over RR, and also examined the order change of the criteria importance levels in
RR occurrences. We presumed that every objective criteria weighting methods based on decision
matrix are susceptible of RR in some degree. However, it was interesting to find that SE, a widely
used method in MCDM, underperformed than the other three approaches in RR. In comparing these
entropy-based methods in terms of RR, the GSD come to the fore and outperformed all others in
both WSM and WPM rankings.

After analyzing RR occurrences in each method with different number of criteria and alternative
sets, we additionally interested in comparing these methods according to their range of weight
vectors. While GSD and RE are the methods that differ positively from others in this respect, YE and
particularly SE produced less acceptable weightings.

We also examined whether these methods cause similar decomposition in the same decision matrix
with Spearman rank correlation and found the others to be similar except RE. After the examination
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how these methods produced contrast intensity through an illustrative example in detail, we found
out the dispersion characteristics of RE is not working properly. Apart from this, both SE and YE
suffered from the hypersensitivity which causes unacceptable results. In the meantime, the GSD
performed better than these two approaches both in producing more acceptable weightings (less
hypersensitive) and yielding more consistent rankings between WSM and WPM.

As a result, the GSD approach emerged as a robust solution to our research questions, demonstrat-
ing resistance to rank reversal, stability across different MCDM methods such as WSM and WPM, and
resilience to hypersensitivity.

We also compared the results with other studies. Before presenting the comparison results with
studies in the literature, it is important to emphasize that we used sum normalization in all methods
and did not make any additional changes or procedures to prevent RR. In this context, we compared
the results with the standard sum normalization TOPSIS in Farias Aires & Ferreira (2019) and with
Baykasoglu & Ercan (2021) standard sum normalization WASPAS for types 2 and 5 of RR. The RR
results obtained with GSD-WSM are better than TOPSIS and similar to WASPAS. However, the results
obtained with GSD-WPM, on the other hand, are better in terms of RR than both TOPSIS and WASPAS.

Accordingly, the main contributions of this study are the following: (I) the defining of different types
of entropy and diversity indexes in criteria weighting; (11) the examining and comparing of objective
criteria weighting methods through RR analysis, considering entropy-based approaches; (l11) gener-
ating a framework for comparing criteria weightings in terms of RR; (IV) the exploring dispersion
characteristics of entropy-based approaches with an illustrative case in detail; (V) the proposing of
a proper alternative to SE as GSD which is more persistent to RR, less sensitive to distribution of
domain and outputs more acceptable weightings.

As a result of our analysis, practitioners, managers and decision makers may prefer more robust
entropy functions (e.g. GSD) than popular (e.g. SE) to prevent possible RR when weighting criteria,
especially in cases where they are undecided about the relevance of some alternatives to the
selection problem. In this way, the reliability and validity of the results will increase. Also they
can acquire more acceptable weights with GSD than standard SE. The theoretical contribution of
the study to the field of MCDM is that it presents the comparison framework of criteria weighting
methods in terms of RR and new entropy functions to the methodology.

The limitations of the study are that only WPM and WSM were used in terms of ranking methods
and the proposed method was not used in a real-life problem. Future works can consider the GSD
approach to assign criteria weights in various real-world decision problems and cooperated with
different types of ranking methods. Furthermore, there is significant amount of room in future
studies for developing criteria weighting methods that would be immune to RR. To achieve this, the
key point may be the normalization procedure, as an insight.

13 (2), 55-76 72




Rank reversal on entropy-based weighting methods Pala, 2025
.o
Declarations
Conflict of interest  The author(s) have no competing interests to declare that are relevant to the content of this article.
Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing,

adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the
original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made.

The images or other third party material in this article are included in the article’s Creative Commons licence, unless

indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons

licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need
to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommon

s.org/licenses/by/4.0/.

References

Adeel, A, Khan, M. A,, Akram, T, Sharif, A,, Yasmin, M.,
Saba, T.,, & Javed, K. (2020). Entropy-controlled deep
features selection framework for grape leaf diseases
recognition. Expert Systems, 39(7). https:/ /doi.org/10.
1111/exsy12569

Aksarayli, M. & Pala, O. (2018). A polynomial goal
programming model for portfolio optimization based
on entropy and higher moments. Expert Systems
with Applications, 94, 185-192. https:/ /doi.org/10.1016/j.
eswa.2017.10.056

Alamleh, A. Albahri, O. S., Zaidan, A. A, Alamoodi, A.
H., Albahri, A. S., Zaidan, B. B., Qahtan, S., Ismail, A.
R. binti, Malik, R. Q., Bager, M. J,, Jasim, A. N., &
Al-Samarraay, M. S. (2022). Multi-Attribute Decision-
Making for Intrusion Detection Systems: A Systematic
Review. International Journal of Information Technology
& Decision Making, 22(1), 589-636. https://doi.org/10.
1142/5021962202230004x

Almeida-Filho, A. T. d., Lima Silva, D. F. de, & Ferreira,
L. (2020). Financial modelling with multiple criteria
decision making: A systematic literature review. Journal
of the Operational Research Society, 72(10), 2161-2179.
https://doi.org/10.1080/01605682.2020.1772021

Ayrim, Y., Atalay, K. D., & Can, G. F. (2018). A
New Stochastic MCDM Approach Based on COPRAS.
International Journal of Information Technology &
Decision Making, 17(3), 857-882. https:/ /doi.org/101142/
50219622018500116

Aytekin, A. (2021). Comparative Analysis of the
Normalization Techniques in the Context of
MCDM Problems. Decision Making: Applications in
Management and Engineering, 4(2), 1-25. https:/ /doi.
org/10.31181/dmame210402001a

Baykasoglu, A., & Ercan, E. (2021). Analysis of rank reversal
problems in “Weighted Aggregated Sum Product
Assessment" method. Soft Computing, 25(24), 15243—
15254. https://doi.org/10.1007/s00500-021-06405-w

13 (2), 55-76

Belton, V., & Gear, T. (1983). On a short-coming of Saaty's

method of analytic hierarchies. Omega, 11(3), 228-230.
https:/ /doi.org/10.1016/0305-0483(83)90047-6

Bragge, )., Korhonen, P, Wallenius, H., & Wallenius, J. (2012).

Scholarly Communities of Research in Multiple Criteria
Decision Making: A Bibliometric Research Profiling
Study. International Journal of Information Technology
& Decision Making, 11(2), 401-426. https://doi.org/10.
1142/50219622012400081

Baczkiewicz, A., Kizielewicz, B., Shekhovtsov, A,

Yelmikheiev, M., Kozlov, V. & Satabun, W.
(2021). Comparative Analysis of Solar Panels with
Determination of Local Significance Levels of Criteria
Using the MCDM Methods Resistant to the Rank Reversal
Phenomenon. Energies, 14(18), 5727. https:/ /doi.org/10.
3390/en14185727

Carmichael, B., Koumou, G. B., & Moran, K. (2017).

Rao's quadratic entropy and maximum diversification
indexation. Quantitative Finance, 18(6), 1017-1031.
https:/ /doi.org/101080/14697688.2017.1383625

Ceballos, B., Pelta, D. A, & Lamata, M. T. (2018).

Rank Reversal and the VIKOR Method: An Empirical
Evaluation. International Journal of Information
Technology & Decision MaRing, 17(2), 513-525. https://
doi.org/10.1142/50219622017500237

Chen, Y., Yu, )., & Khan, S. (2010). Spatial sensitivity analysis

of multi-criteria weights in GIS-based land suitability
evaluation. Environmental Modelling & Software, 25(12),
1582-1591. https://doi.org/10.1016/j.envsoft.2010.06.001

Chowdhury, P, & Paul, S. K. (2020). Applications of

MCDM methods in research on corporate sustainability:
A systematic literature review. Management of
Environmental Quality: An International Journal, 31(2),
385-405. https:/ /doi.org/ 101108/ meq-12-2019-0284

Cinelli, M., Coles, S. R, & Kirwan, K. (2014). Analysis

of the potentials of multi criteria decision analysis
methods to conduct sustainability assessment.

73


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1111/exsy.12569
https://doi.org/10.1111/exsy.12569
https://doi.org/10.1016/j.eswa.2017.10.056
https://doi.org/10.1016/j.eswa.2017.10.056
https://doi.org/10.1142/s021962202230004x
https://doi.org/10.1142/s021962202230004x
https://doi.org/10.1080/01605682.2020.1772021
https://doi.org/10.1142/s0219622018500116
https://doi.org/10.1142/s0219622018500116
https://doi.org/10.31181/dmame210402001a
https://doi.org/10.1007/s00500-021-06405-w
https://doi.org/10.1016/0305-0483(83)90047-6
https://doi.org/10.1142/s0219622012400081
https://doi.org/10.1142/s0219622012400081
https://doi.org/10.3390/en14185727
https://doi.org/10.3390/en14185727
https://doi.org/10.1080/14697688.2017.1383625
https://doi.org/10.1142/s0219622017500237
https://doi.org/10.1016/j.envsoft.2010.06.001
https://doi.org/10.1108/meq-12-2019-0284

Rank reversal on entropy-based weighting methods

Ecological Indicators, 46, 138-148. https://doi.org/10.
1016/j.ecolind.2014.06.011

Doxa, A., & Prastacos, P. (2020). Using Rao's quadratic
entropy to define environmental heterogeneity priority
areas in the European Mediterranean biome. Biological
Conservation, 241, 108366. https://doi.org/101016/].
biocon.2019:108366

Ecer, F, & Pamucar, D. (2022). A novel LOPCOW-DOBI
multi-criteria sustainability performance assessment
methodology: An application in developing country
banking sector. Omega, 112, 102690. https:/ /doi.org/10.
1016/j.0mega.2022:102690

Emrouznejad, A.,, & Marra, M. (2014). Ordered Weighted
Averaging Operators 1988-2014: A Citation-Based
Literature Survey: ORDERED WEIGHTED AVERAGING
OPERATORS. International Journal of Intelligent
Systems, 29(11), 994-1014. https://doi.org/10.1002/int.
21673

Eskandari, H., & Rabelo, L. (2007). Handling Uncertainty in
the Analytic Hierarchy Process: A Stochastic Approach.
International Journal of Information Technology &
Decision Making, 6(1), 177-189. https:/ /doi.org/10.1142/
50219622007002356

Farias Aires, R. F. de, & Ferreira, L. (2018). The Rank Reversal
Problem in Multi-criteria Decision Making: A Literature
Review. Pesquisa Operacional, 38(2), 331-362. https://
doi.org/10.1590/0101-7438.2018.038.02.0331

Farias Aires, R. F. de, & Ferreira, L. (2019). A new approach
to avoid rank reversal cases in the TOPSIS method.
Computers & Industrial Engineering, 132, 84-97. https://
doi.org/10.1016/j.cie.2019.04.023

Fishburn, P. C. (1967). Letter to the Editor-Additive Utilities
with Incomplete Product Sets: Application to Priorities
and Assignments. Operations Research, 15(3), 537-542.
https://doi.org/10.1287/opre15.3.537

Ghosh, M., Das, D., & Chakraborty, C. (2010). Entropy
based divergence for leukocyte image segmentation.
2010 International Conference on Systems in Medicine
and Biology, 409-413. https://doi.org/101109/icsmb.
2010.5735414

Gini, C.(1912). Variabilita e mutabilita: contributo allo studio
delle distribuzioni e delle relazioni statistiche. [Fasc.
I.]. Tipogr. di P. Cuppini. https://books.google.com.tr/
books?id=fgjaBPMxB9kC

Gonzales, P, & Ajami, N. K. (2017). An integrative regional
resilience framework for the changing urban water
paradigm. Sustainable Cities and Society, 30, 128-138.
https://doi.org/10.1016/j.5¢s.2017.01.012

Hinduja, A, & Pandey, M. (2021). Comparative study of
MCDM methods under different levels of uncertainty.
International Journal of Information and Decision

13 (2), 55-76

Pala, 2025

Sciences, 13(1), 16. https://doi.org/10.1504/ijids.2021.
113598

Hwang, C.-L., & Yoon, K. (1981). Multiple Attribute Decision
Making. Springer Berlin Heidelberg. https://doi.org/10.
1007/978-3-642-48318-9

Jamwal, A., Agrawal, R., Sharma, M., & Kumar, V.
(2020). Review on multi-criteria decision analysis
in sustainable manufacturing decision making.
International Journal of Sustainable Engineering, 14(3),
202-225. https:/ /doi.org/10.1080/19397038.2020.1866708

Keshavarz-Ghorabaee, M., Amiri, M., Zavadskas, E. K.,
Turskis, Z., & Antucheviciene, J. (2018). A Comparative
Analysis of the Rank Reversal Phenomenon in the
EDAS and TOPSIS Methods. Economic Computation and
Economic Cybernetics Studies and Research, 52(3/2018),
121-134. https:/ /doi.org/10.24818/18423264/52.318.08

Khachatryan, D., & Muehlmann, B. (2019). Measuring
technological breadth and depth of patent documents
using Rao's Quadratic Entropy. Journal of Applied
Statistics, 46(15), 2819-2844. https://doi.org/101080/
02664763.2019.1619072

Khalaj, M., Tavakkoli-Moghaddam, R., Khalaj, F., & Siadat,
A. (2019). New definition of the cross entropy based
on the Dempster-Shafer theory and its application in a
decision-making process. Communications in Statistics
- Theory and Methods, 49(4), 909-923. https://doi.org/
10.1080/03610926.2018.1554123

Kumar, R., Singh, S., Bilga, P. S., Jatin, Singh, J., Singh,
S., Scutaru, M.-L., & Pruncu, C. I. (2021). Revealing the
benefits of entropy weights method for multi-objective
optimization in machining operations: A critical review.
Journal of Materials Research and Technology, 10, 1471-
1492. https:/ /doi.org/10.1016/}.jmrt.2020.12.114

Kumar, S., & Kumar, S. (2021). An Extension of TODIM
with VIKOR approach based on Gini Simpson Index of
Diversity under Picture fuzzy framework to Evaluate
Opinion Polls. Turkish Journal of Computer and
Mathematics Education (TURCOMAT), 12(3), 3715-3730.
https://doi.org/10.17762/turcomat.v12i3.1654

Kumar, S., & Kumar, S. (2022). Multi-attribute Decision-
Making Problem Based on TODIM with Gini
Simpson Index of Diversity for Intuitionistic Fuzzy
Sets. In Proceedings of International Conference
on Advanced Computing Applications (pp. 773-785).
Springer Singapore. https://doi.org/10.1007/978-981-16-
5207-3_63

Lak Kamari, M., Isvand, H., & Alhuyi Nazari, M. (2020).
Applications of multi-Criteria Decision-Making (MCDM)
Methods in Renewable Energy Development: A Review.
Renewable Energy Research and Application, 1(1).
https:/ /doi.org/10.22044/rera.2020.85411006

74


https://doi.org/10.1016/j.ecolind.2014.06.011
https://doi.org/10.1016/j.ecolind.2014.06.011
https://doi.org/10.1016/j.biocon.2019.108366
https://doi.org/10.1016/j.biocon.2019.108366
https://doi.org/10.1016/j.omega.2022.102690
https://doi.org/10.1016/j.omega.2022.102690
https://doi.org/10.1002/int.21673
https://doi.org/10.1002/int.21673
https://doi.org/10.1142/s0219622007002356
https://doi.org/10.1142/s0219622007002356
https://doi.org/10.1590/0101-7438.2018.038.02.0331
https://doi.org/10.1016/j.cie.2019.04.023
https://doi.org/10.1287/opre.15.3.537
https://doi.org/10.1109/icsmb.2010.5735414
https://doi.org/10.1109/icsmb.2010.5735414
https://books.google.com.tr/books?id=fqjaBPMxB9kC
https://books.google.com.tr/books?id=fqjaBPMxB9kC
https://doi.org/10.1016/j.scs.2017.01.012
https://doi.org/10.1504/ijids.2021.113598
https://doi.org/10.1504/ijids.2021.113598
https://doi.org/10.1007/978-3-642-48318-9
https://doi.org/10.1007/978-3-642-48318-9
https://doi.org/10.1080/19397038.2020.1866708
https://doi.org/10.24818/18423264/52.3.18.08
https://doi.org/10.1080/02664763.2019.1619072
https://doi.org/10.1080/02664763.2019.1619072
https://doi.org/10.1080/03610926.2018.1554123
https://doi.org/10.1016/j.jmrt.2020.12.114
https://doi.org/10.17762/turcomat.v12i3.1654
https://doi.org/10.1007/978-981-16-5207-3_63
https://doi.org/10.1007/978-981-16-5207-3_63
https://doi.org/10.22044/rera.2020.8541.1006

Rank reversal on entropy-based weighting methods

Li, Y., Cheng, Y., Mou, Q., & Xian, S. (2020). Novel Cross-
Entropy Based on Multi-attribute Group Decision-
Making with Unknown Experts' Weights Under Interval-
Valued Intuitionistic Fuzzy Environment. International
Journal of Computational Intelligence Systems, 13(1),
1295. https:/ /doi.org/10.2991/ijcis.d.200817.001

Liu, H.-C,, Chen, X.-Q., Duan, C.-Y.,, & Wang, Y.-M. (2019).
Failure mode and effect analysis using multi-criteria
decision making methods: A systematic literature
review. Computers & Industrial Engineering, 135, 881-
897. https:/ /doi.org/10:1016/].cie.2019.06.055

Liu, P, Zhang, X, & Wang, Z. (2020). An Extended
VIKOR Method for Multiple Attribute Decision Making
with Linguistic D Numbers Based on Fuzzy Entropy.
International Journal of Information Technology &
Decision Making, 19(1), 143-167. https:/ /doi.org/101142/
50219622019500433

Lotfi, F. H., & Fallahnejad, R. (2010). Imprecise Shannon's
Entropy and Multi Attribute Decision Making. Entropy,
12(1), 53-62. https:/ /doi.org/10.3390/e12010053

Ma, J. (2019). Generalised grey target decision method for
mixed attributes based on the improved Gini-Simpson
index. Soft Computing, 23(24), 13449-13458. https:/ /doi.
org/10.1007/s00500-019-03883-x

Maleki, H., & Zahir, S. (2012). A Comprehensive Literature
Review of the Rank Reversal Phenomenon in the
Analytic Hierarchy Process. Journal of Multi-Criteria
Decision Analysis, 20(3-4), 141-155. https:/ /doi.org/10.
1002/mcda:1479

Mousavi-Nasab, S. H., & Sotoudeh-Anvari, A. (2018). A new
multi-criteria decision making approach for sustainable
material selection problem: A critical study on rank
reversal problem. Journal of Cleaner Production, 182,
466-484. https://doi.org/10.1016/].jclepro.2018.02.062

Mufazzal, S., & Muzakkir, S. (2018). A new multi-criterion
decision making (MCDM) method based on proximity
indexed value for minimizing rank reversals. Computers
& Industrial Engineering, 119, 427-438. https:/ /doi.org/
10.1016/j.cie.2018.03.045

Mukhametzyanov, I. (2021). Specific character of objective
methods for determining weights of criteria in MCDM
problems: Entropy, CRITIC and SD. Decision Making:
Applications in Management and Engineering, 4(2), 76—
105. https:/ /doi.org/10.31181/dmame210402076i

Munier, N. (2016). A New Approach to the Rank Reversal
Phenomenon in MCDM with the SIMUS Method. Multiple
Criteria Decision Making, 11, 137-152. https:/ /doi.org/10.
22367/mcdm.2016:11.09

Nadkarni, R. R., & Puthuvayi, B. (2020). A comprehensive
literature review of Multi-Criteria Decision Making
methods in heritage buildings. Journal of Building

13 (2), 55-76

Pala, 2025

Engineering, 32, 101814. https://doi.org/10.1016/j.jobe.
2020101814

Nazari-Shirkouhi, S., Ansarinejad, A. Miri-Nargesi, S.,
Dalfard, V. M., & Rezaie, K. (2011). Information Systems
Outsourcing Decisions Under Fuzzy Group Decision
Making Approach. International Journal of Information
Technology & Decision Making, 10(6), 989-1022. https://
doi.org/10:1142/50219622011004683

Odu, G. (2019). Weighting methods for multi-criteria
decision making technique. Journal of Applied Sciences
and Environmental Management, 23(8), 1449. https://
doi.org/10.4314/jasem.v23i8.7

Paul, A, Shukla, N. Paul, S. K, & Trianni, A. (2021).
Sustainable Supply Chain Management and Multi-
Criteria Decision-Making Methods: A Systematic Review.
Sustainability, 13(13), 7104. https://doi.org/10.3390/su
13137104

Pelissari, R., Khan, S. A,, & Ben-Amor, S. (2021). Application
of  Multi-Criteria  Decision-Making Methods in
Sustainable Manufacturing Management: A Systematic
Literature Review and Analysis of the Prospects.
International Journal of Information Technology &
Decision Making, 21(2), 493-515. https:/ /doi.org/101142/
50219622021300020

Rai, A., & Kim, J.-M. (2020). A novel health indicator based on
the Lyapunov exponent, a probabilistic self-organizing
map, and the Gini-Simpson index for calculating the
RUL of bearings. Measurement, 164, 108002. https:/ /doi.
org/10.1016/j.measurement.2020.108002

Rao, C. (1982). Diversity and dissimilarity coefficients: A
unified approach. Theoretical Population Biology, 21(1),
24-43. https:/ /doi.org/10.1016/0040-5809(82)90004-1

Saaty, T. L., & Ergu, D. (2015). When is a Decision-Making
Method Trustworthy? Criteria for Evaluating Multi-
Criteria Decision-Making Methods. International Journal
of Information Technology & Decision Making, 14(6),
1171-1187. https:/ /doi.org/101142/s021962201550025x

Saaty, T. L., & Vargas, L. G. (1984). Inconsistency and rank
preservation. Journal of Mathematical Psychology, 28(2),
205-214. https:/ /doi.org/10:1016/0022-2496(84)90027-0

Shannon, C. E. (1948). A Mathematical Theory of
Communication. Bell System Technical Journal,
27(3), 379-423. https:/ /doi.org/10.1002/j.1538-7305.1948.
tb01338.x

Sidhu, A. S., Singh, S., & Kumar, R. (2022). Bibliometric
analysis of entropy weights method for multi-objective
optimization in machining operations. Materials Today:
Proceedings, 50, 1248-1255. https://doi.org/10.1016/].
matpr.2021.08.132

Stojéi¢, M., Zavadskas, E. K., Pamucar, D., Stevi¢, Z, &
Mardani, A. (2019). Application of MCDM Methods in

75


https://doi.org/10.2991/ijcis.d.200817.001
https://doi.org/10.1016/j.cie.2019.06.055
https://doi.org/10.1142/s0219622019500433
https://doi.org/10.1142/s0219622019500433
https://doi.org/10.3390/e12010053
https://doi.org/10.1007/s00500-019-03883-x
https://doi.org/10.1002/mcda.1479
https://doi.org/10.1002/mcda.1479
https://doi.org/10.1016/j.jclepro.2018.02.062
https://doi.org/10.1016/j.cie.2018.03.045
https://doi.org/10.31181/dmame210402076i
https://doi.org/10.22367/mcdm.2016.11.09
https://doi.org/10.22367/mcdm.2016.11.09
https://doi.org/10.1016/j.jobe.2020.101814
https://doi.org/10.1016/j.jobe.2020.101814
https://doi.org/10.1142/s0219622011004683
https://doi.org/10.4314/jasem.v23i8.7
https://doi.org/10.3390/su13137104
https://doi.org/10.3390/su13137104
https://doi.org/10.1142/s0219622021300020
https://doi.org/10.1142/s0219622021300020
https://doi.org/10.1016/j.measurement.2020.108002
https://doi.org/10.1016/0040-5809(82)90004-1
https://doi.org/10.1142/s021962201550025x
https://doi.org/10.1016/0022-2496(84)90027-0
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1016/j.matpr.2021.08.132
https://doi.org/10.1016/j.matpr.2021.08.132

Rank reversal on entropy-based weighting methods Pala, 2025

Sustainability Engineering: A Literature Review 2008- and Its Applications, 465, 124-140. https://doi.org/10.
2018. Symmetry, 11(3), 350. https:/ /doi.org/10.3390/sym 1016/]j.physa.2016.08.009
11030350 ) o
Zardari, N. H., Ahmed, K., Shirazi, S. M., & Yusop, Z.
Triantaphyllou, E., & Mann, S. H. (1989). An examination B. (2015). Weighting Methods and their Effects on
of the effectiveness of multi-dimensional decision- Multi-Criteria Decision Making Model Outcomes in
making methods: A decision-making paradox. Decision Water Resources Management. Springer International
Support Systems, 5(3), 303-312. https:/ /doi.org/10.1016/ Publishing. https://doi.org/101007/978-3-319-12586-2

0167-9236(89)90037-7
Zavadskas, E. K., & Podvezko, V. (2016). Integrated

Unhelkar, B., Joshi, S., Sharma, M., Prakash, S., Mani, A. K., & Determination of Objective Criteria Weights in MCDM.
Prasad, M. (2022). Enhancing supply chain performance International Journal of Information Technology &
using RFID technology and decision support systems Decision Making, 15(2), 267-283. https:/ /doi.org/101142/
in the industry 4.0-A systematic literature review. 50219622016500036

International Journal of Information Management Data

. . R Zavadskas, E. K., Turskis, Z., Antucheviciene, )., &
Insights, 2(2), 100084. https://doi.org/10.1016/j.jjimei.

Zakarevicius, A. (2012). Optimization of Weighted

2022100084 N
Aggregated Sum Product Assessment. Elektronika Ir
Verly, C, & Smet, Y. D. (2013). Some results about Elektrotechnika, 122(6), 3-6. https:/ /doi.org/10.5755/j01.
rank reversal instances in the PROMETHEE methods. eee.122.6.1810

International Journal of Multicriteria Decision Making,

Zhu, X., Meng, X., & Zhang, M. (2021). Application of Multi
3(4), 325. https:/ /doi.org/101504/ijmcdm.2013.056781 u, X, Meng, X, & Zhang, M. (2021). Application of Multiple

Criteria Decision Making Methods in Construction:

Wang, Y.-M., & Luo, Y. (2009). On rank reversal in decision A Systematic Literature Review. Journal of Civil
analysis. Mathematical and Computer Modelling, 49(5- Engineering and Management, 27(6), 372-403. https://
6), 1221-1229. https:/ /doi.org/10.1016/j.mcm.2008.06.019 doi.org/10.3846/jcem.2021.15260

Wang, Y.-M., & Luo, Y. (2010). Integration of correlations with Zhu, Y., Tian, D., & Yan, F. (2020). Effectiveness of Entropy
standard deviations for determining attribute weights Weight Method in Decision-Making. Mathematical
in multiple attribute decision making. Mathematical Problems in Engineering, 2020, 1-5. https://doi.org/10.
and Computer Modelling, 51(1-2), 1-12. https:/ /doi.org/ 1155/2020/3564835

10.1016/j.mcm.2009.07.016

Wei, G. (2016). Picture Fuzzy Cross-entropy for Multiple
Attribute Decision Making Problems. Journal of Business
Economics and Management, 17(4), 491-502. https:/ /doi.
org/10.3846/16111699.2016.1197147

Yager, R. (1988). On ordered weighted averaging
aggregation operators in multicriteria decisionmaking.
IEEE Transactions on Systems, Man, And Cybernetics,
18(1), 183-190. https:/ /doi.org/10.1109/21.87068

Yager, R. (1995). Measures of entropy and fuzziness related
to aggregation operators. Information Sciences, 82(3-4),
147-166. https:/ /doi.org/10.1016/0020-0255(94)00030-f

Yalcin, A. S., Kilic, H. S., & Delen, D. (2022). The use of multi-
criteria decision-making methods in business analytics:
A comprehensive literature review. Technological
Forecasting and Social Change, 174, 121193. https:/ /doi.
org/10.1016/j.techfore.2021121193

Yannis, G., Kopsacheili, A, Dragomanovits, A., & Petraki,
V. (2020). State-of-the-art review on multi-criteria
decision-making in the transport sector. Journal of
Traffic and Transportation Engineering (English Edition),
7(4), 413-431. https:/ /doi.org/10.1016/j.jtte.2020.05.005

Yue, W., & Wang, Y. (2017). A new fuzzy multi-objective
higher order moment portfolio selection model for
diversified portfolios. Physica A: Statistical Mechanics

13 (2), 55-76 76



https://doi.org/10.3390/sym11030350
https://doi.org/10.3390/sym11030350
https://doi.org/10.1016/0167-9236(89)90037-7
https://doi.org/10.1016/0167-9236(89)90037-7
https://doi.org/10.1016/j.jjimei.2022.100084
https://doi.org/10.1016/j.jjimei.2022.100084
https://doi.org/10.1504/ijmcdm.2013.056781
https://doi.org/10.1016/j.mcm.2008.06.019
https://doi.org/10.1016/j.mcm.2009.07.016
https://doi.org/10.3846/16111699.2016.1197147
https://doi.org/10.1109/21.87068
https://doi.org/10.1016/0020-0255(94)00030-f
https://doi.org/10.1016/j.techfore.2021.121193
https://doi.org/10.1016/j.jtte.2020.05.005
https://doi.org/10.1016/j.physa.2016.08.009
https://doi.org/10.1016/j.physa.2016.08.009
https://doi.org/10.1007/978-3-319-12586-2
https://doi.org/10.1142/s0219622016500036
https://doi.org/10.1142/s0219622016500036
https://doi.org/10.5755/j01.eee.122.6.1810
https://doi.org/10.5755/j01.eee.122.6.1810
https://doi.org/10.3846/jcem.2021.15260
https://doi.org/10.1155/2020/3564835
https://doi.org/10.1155/2020/3564835

	1. Introduction
	2. Entropy-based Methods
	2.1. Shannon Entropy Method
	2.2. Gini-Simpson diversity Method
	2.3. Yager Entropy Method
	2.4. Rao Entropy Method

	3. Comparative Analysis
	3.1. Comparing entropy based methods for rank reversal problem in WSM
	3.2. Comparing entropy based methods for rank reversal problem in WPM
	3.3. Comparing entropy-based criteria weighting methods on criteria rank preservation and acceptancy

	4. An illustrative case study to investigate the entropy-based methods
	5. Conclusion
	References

