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Sports officials, players, and fans are concerned about overseas player rankings for the IPL auction. .ese rankings are
becoming progressively essential to investors when premium leagues are commercialized. .e decision-makers of the Indian
Premier League choose cricketers based on their own experience in sports and based on performance statistics on several
criteria. .is paper presents a scientific way to rank the players. Our research examines and contrasts different multicriteria
decision-making algorithms for ranking foreign players under various criteria to assess their performance and efficiency. .e
paper uses three MCDM algorithms, TOPSIS, TODIM, and NR-TOPSIS, for foreign players ranking in the Indian Premier
League. Our analysis is limited to the batsmen and bowlers only. We perform the analysis using Python language, a popular
high-level programming language. Finally, we perform a sensitivity analysis to determine the stability of each method when the
weights of the criterion or the value of a parameter was changed. Our analysis exhibits the superiority of TODIM over TOPSIS
and NR-TOPSIS.

1. Introduction

.e Indian Premier League (IPL), established in 2007 by
the BCCI (Board of Control for Cricket in India), is a
professional twenty-team cricket league in India, with
eight teams from eight different cities. Each team in the
Indian Premier League has only four foreign players in its
starting eleven for any match according to the IPL Player
Regulations [1], as well as a maximum of eight overseas
players in the entire team [2]. A team can get players in
one of three ways: through the annual player auction,
exchanging players with other teams during trading
periods, or signing substitutes for players who are un-
available. Players sign up for the auction and establish
their starting price, following which the franchise with
the highest offer buys them. For proper bidding, each
player’s price is determined by their individual out-
comes; franchisee owners have access to all the statistics.
.ey invest in an appropriate team of players, aiming to

earn a profit through the cricket match as prize money,
sponsorships, and other forms of income. .e decision-
maker’s job of selecting the best players in a conflicting
situation is often challenging, since many qualitative and
quantitative qualities must be included in the player
selection process. Several sporting activities have been
commercialized for decades, yet IPL is India’s richest
sport, and it is only getting richer. We considered the
selection of overseas players for a few reasons. First, there
might be a regional preference for domestic players
making their debut. .ese preferences complicate the
selection process. Second, comparing overseas players
mitigates internal biases of the authors. Our approach
assumes no preference for any team for any of the players
being ranked. At the auction, it is entirely up to the
decision-makers and team owners.

In this paper, we have studied three different multi-
criteria decision-making (MCDM) algorithms, namely,
TOPSIS (Technique for Order of Preference by Similarity to
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Ideal Solution), an improvement on it called NR-TOPSIS,
and TODIM (TOmada de DecisãoInterativa e Multicritério,
Portuguese acronym for Interactive multicriteria decision-
making). .ere are various other methods available such as
ELimination Et Choix Traduisant la REalité (ELECTRE),
Preference Ranking OrganizationMethod for Enrichment of
Evaluations (PROMETHEE), and VIseKriter-
ijumskaOptimizacija I KOmpromisnoResenje (VIKOR),
whose comparative analysis can be performed later.

.e principles of the two MCDM algorithms are dif-
ferent, as TODIM employs Prospect .eory, whereas
TOPSIS makes use of normalised n-dimensional Euclidean
distance. We proved the two approaches to be contrasting
enough to make an interesting comparison. TOPSIS uses a
compensatory approach that allows trade-offs between
criteria, where a bad outcome in one criterion may be offset
by a favourable outcome in another as studied here [3]. It is
preferred over ELECTRE I because of better consistency in
the results [4]. Although TOPSIS gives various benefits [5],
including simplicity, logic, comprehensibility, computing
efficiency, and the ability to measure relative performance
for each alternative in a simple mathematical form, in our
study, we employed a crisp and accurate dataset. Conse-
quently, we did not make use of fuzzy TOPSIS, which is a
superior strategy for imprecise or ambiguous performance
assessments [6].

Our article shows how TODIM outperforms TOPSIS in
multicriteria decision-making. .is approach may be used
by decision-makers of all levels of experience over TOPSIS
whose applications in IPL performance analysis were made
by various authors. .e sensitivity analysis of TODIM
provided in this article does not depict any major change in
rank of the foreign players when the weights of the criteria
(or preferences of criteria) are shuffled, which makes the
algorithm more feasible than TOPSIS. For robustness and
stability, we have proved that TODIM is a better and more
trustworthy MCDM approach.

Compared to the other methodologies, TODIM, which
was formed by Gomes and Lima in 1992 [7], has the benefit
of considering the subjectivity of decision-makers’ (DM)
actions and giving the dominance of one alternative over
others with specific operation formulae. TODIM is claimed
to be more rational and scientific in the application of
MCDM problems and various extensions of TODIM have
been studied in fuzzy environment [8, 9]. To the best of our
knowledge, this is the first study to employ TODIM for
evaluating the performance of international players in the
IPL and prove the superiority of the algorithm over TOPSIS.

In our article, we compared TOPSIS, which is a more
popular MCDM algorithm than TODIM. We claim so with
the help of “Google Trends,” which allows us to compare
various keywords searched over the Internet [10]. We
inferred from the findings that TODIM applications have
been examined far less than TOPSIS since 2004. For a crisp
dataset, however, our study clearly shows that TODIM
outperforms TOPSIS for evaluating alternatives based on
many criteria. Other than that, we have also explored several
other existing articles where research scholars have studied
TOPSIS and TODIM from various aspects such as Choquet

based TOPSIS and TODIM [11], TOPSIS and TODIM with
Z-numbers [12], and fuzzy TOPSIS-TODIM hybrid method
[13]. Some also proved in their article that TOPSIS, TODIM,
and PROMETHEE are methods that have higher utility in
the selection of mining method in the coal mining industry
[14]. Comparative studies have also been made for fuzzy
AHP (TOPSIS is an additive variant of AHP) and fuzzy
TODIM [15].

As both TOPSIS and TODIM are applied at their most
basic stages in this paper, without implementation of any
extension, decision-makers can readily understand them.
Future studies and sensitivity analyses of other MCDM
approaches can be conducted to determine the superiority of
other methods over TODIM. One fact to note is that both
TOPSIS and TODIM are said to have rank reversal problem,
which is a shift in the rank ordering of the preferability of
alternative feasible decisions. .erefore, we tried to imple-
ment NR-TOPSIS [16], which in the article is proved to solve
the rank reversal problem in TOPSIS. However, because we
have numerous alternatives and criteria and a different
approach to calculate criteria weights, NR-TOPSIS does not
address the problem in our situation. Instead, we observed
that the approach is significantly less stable than both
TOPSIS and TODIM. All calculations and results in this
paper are done by implementing the algorithm in Python,
which is provided with this article so that other authors can
use them as well. Finally, while TOPSIS has historically been
used to rank players in the IPL, TODIM is not employed as
frequently. As a result, we picked these two approaches and
used sensitivity analysis to show how TODIM is superior to
both TOPSIS and NR-TOPSIS.

We employed rank-sum method for generating weights
for the criteria. Because of this, the weights vary significantly
based on the preferences of the decision-maker. It is also
simpler for a regular user to rank the criteria in order of their
preference rather than calculating the numeric value of the
weights manually. Owing to this significant variance, the
results generated by TOPSIS do, in fact, vary based on
subjective preferences. .e same holds true for TODIM.
Personal preferences are not included in TOPSIS, but they
are in TODIM, since it employs the idea of prospect theory.
However, as we used the rank-sum weight approach that
relies on the preferences of decision-makers, as a result, the
TOPSIS outcome will be influenced, exposing it to subjective
preferences such as TODIM.

.e following is how the rest of the paper is organised:
Section 2 contains a review of the literature on the MCDM
methodologies used in this work, and Section 3 describes the
methodology, which explains the processing done in a step-
by-step fashion. .e application of the methodology
explained in Section 3 is explained through the case study in
Section 4. In Section 5, we discuss results we had obtained
from the case study. .e next section, that is, Section 6, is
dedicated to discussion and interpretation of the results,
followed by future perspectives, and we conclude the paper
in Section 7. At last, we also provide Supplementary Ma-
terials, containing Python code and intermediate steps for
the calculations performed, followed by a list of references
used in this paper.

2 Complexity



2. Literature Review

.e fundamental concept for selecting a foreign player for
any club originates from an article by Xing [17], in which a
vast amount of data demonstrates that different decision-
makers base their selections on prior competition scores and
games played. .e technical data supplied is frequently used
to judge several international players. Multicriteria decision-
making (MCDM) is a common method in performance
analysis..us, several studies on variousMCDMmethods to
analyse IPL team performance analysis have been con-
ducted. Multicriteria group decision method studied in [18]
gives a practical way to evaluate a team’s success while
producing consistent performance ratings. Multicriteria
decision tree approach [19] can classify all-rounders in the
Indian Premier League for accurately and efficiently clas-
sifying data based on the output of players. It is also shown
how multicriteria decision tree method provided a good
image of the players in several categories, including per-
former, batting all-rounder, bowling all-rounder, and
underperformer, aiding franchisee owners in picking all-
rounders in the auction and compensating them depending
on their performance.

Application of MGDA (Modified Group Decision
Algorithm) is studied further [20] to analyse batsman, fast
bowler, and spin bowler statistics from IPL sessions IV, V,
and VI separately, and it consistently produced reliable
results. .e consistency testing property of AHP is used to
calculate the weights of the criterion, proving its cor-
rectness. .e hybridization of two well-known multi-
criteria decision-making (MCDM) approaches with their
classifications and characteristics has been explored [21].
.e goal was divided into two parts: First, prioritize the
weight of selected parameters for evaluating the players’
output using Analytic Hierarchy Process (AHP). Second,
TOPSIS is used to select the best alternative strategy for
ranking the teams. Performance-based analysis is studied
among IPL batsmen in seasons I (2008), II (2009), and III
(2010) using statistical multicriteria decision-making
[22]. .ey concluded that international players performed
well in season II, but their performance varied from
season to season. In case of IPL, a team has the liberty to
retain their previously auctioned players, but it lowers the
funds for the owner to enter the auction. A decision tree is
made use of to compute the “most valuable player” for a
team by player’s batting and bowling points and experi-
ences [23]. Prediction of match is calculated through
various match statistics using TOPSIS in multiple studies
based on World Cup 2019 [24].

Other related recent works in sports include the appli-
cations of Bayesian BWM (Best Worst Method) and rough
DEMATEL (Decision-MAking Trial and Evaluation Labo-
ratory), which is a type of MCDM algorithm, investigating
the impact of Sustainable Sports Tourism Criteria in Tai-
chung City [25]. Applications of fuzzy-ANP and DEMATEL
[26], ANP-DEMATEL, and VIKOR (VIseKriter-
ijumskaOptimizacija I KOmpromisnoResenje) [27] are also
studied in various sports business applications and helped in
creating a management strategy.

Another outranking approach known as TODIM
(TOmada de DecisãoInterativa e Multicritério, an acronym
in Portuguese for iterative multicriteria decision-making) is
studied in this article. We may use this MCDM technique to
discover foreign player rankings in IPL 2019 as it uses
prospect theory studied by two Israeli psychologists in 1979
[28, 29] as well to create a multiattribute value function. .e
purpose of their study was to evaluate human behaviour
during decision-making and in high-risk situations. .e two
psychologists then discovered that, in scenarios involving
advantages, humans have a propensity to be more conser-
vative in terms of risk; that is, individuals prefer to select for
a smaller, more secure gain than taking a risk to earn a larger
benefit.

.e systematic flowchart diagram and highlighted for-
mulae in article [30] were used to determine the weight, four
normalization techniques, and other details for TODIM,
making the algorithm clearer. .e comparison between
TODIM and modified TODIM on recycled water alterna-
tives based on a range of parameters were mainly studied.
.e formulae and tabular procedures are likewise based on
research work mentioned in article [31]. .e weights of the
criteria and an assessment matrix that aided us in our
implementation were explained. We also referred to another
article [32] where applications of TODIM are shown to
evaluate broadband Internet services. For TODIM sensi-
tivity analysis, we used the study from article [33], where the
authors looked at different values of θ (loss of attenuation
factor) in the space curved surfaces of distributor dominance
in four distance equations. As a result, how changes in the
value of θ have an impact on the alternatives was evaluated.
For TOPSIS, we have shuffled the ranks of the criteria,
thereby changing the weight for which we referred to related
article [34].

Although TODIM is an emerging method of MCDM
which is not as popularly used as TOPSIS and its extensions,
there are recent applications outside the sports world
[35–38], where the implementation is based on MCGDM,
stock investment selection and assessment of hydro energy
storage plant, and green supplier selection problems. Other
studies include applications of failure mode and effect
analysis (FMEA) and TODIM to demonstrate risk ranking
of wind turbine systems [39], extended fuzzy TODIM with
dual connection numbers [32], and Pythagorean fuzzy
TODIM based on cumulative prospect theory to assess the
risk in science and technology project [40]. Progressive
studies have also been made on development of TODIM
with different fuzzy sets [41]. But there are a handful of
research articles where TODIM is implemented to analyse
the performance, directly based on the scores achieved by
the players in any sport. In our article, we studied the IPL
2019 dataset, but similar applications can also be made in
other areas of sports, such as football clubs, golf clubs, and
gymnastics.

When a choice alternative is added or removed, rank
reversal occurs, which implies that the relative ranks of two
decision alternatives can be reversed. Belton and Gear were
the first to point out such a phenomenon [42]. Although the
rank reversal problem may not always have a detrimental
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influence on many datasets, the decision-makers in our
situation may not like to have such an issue when removing,
adding, or replacing a player can affect the entire rank list of
players. As a result, we examined various recent and pre-
vious studies in order to improve the MCDM technique and
avoid the problem of rank reversal. Several methods exist
such as a combination of Characteristic Objects Method
(COMET) and TOPSIS or PROMETHEE II [43], im-
provement of VIKOR method using R-VIKOR [44], and
G-TOPSIS (Gaussian TOPSIS) method for rank reversal
problem [45]; analytical studies have also been made
[16, 46–49] to find a solution to the problem for various
applications. Rank reversal problem for TODIM was first
discussed in 1990 [50], where the author compared the
problem with AHP and tried to provide a solution for the
problem. But few modifications or developments have been
made on TODIM rank reversal problem.

In this paper, we tried to implement the work of Yang,
where R-TOPSIS wasmodified [51] and the newmethod was
named NR-TOPSIS [52] to remove the rank reversal
problem of TOPSIS and compare the results with TODIM.
Unfortunately, the approach did not work, and we were still
dealing with rank reversal. Instead, we could show and infer
that when players are added or deleted from the list,
TODIM’s ranking changes relatively little. As a result, the
MCDM method becomes more appealing, demonstrating
the necessity of focusing on solving the rank reversal
problem in TODIM in order to get supremum outcomes.

3. Methodology

3.1. Weighting through Rank-Sum Weight Method. .is
subjective method establishes weights solely based on the
decision-makers’ considerations or judgments [53]. It may
be easier to rank order the relevance of criteria than it is to
describe other inaccurate weights, such as bounded weights,
for example, in instances involving time constraints, the
nature of the criteria, a lack of expertise, imprecise or partial
information, and the decision-maker’s limited attention or
information processing skills. Because a group of decision-
makers may not agree on a set of exact weights, it may be
reasonable to assume agreement merely on a ranking of
weights in such a case as stated by article [54]. .is rank
order weight approach entails two steps: first, ranking the
criteria by significance and then weighting the criteria using
the formula. In this paper, we have used the rank-sum
weight method which was proposed by Stillwell [55]. In this
method, individual ranks are normalised by dividing the
sum of the rankings in the rank-sum (RS) technique. .e
weights are calculated using the following formula:

wj(RS) �
2 n + 1 − rj 

n(n + 1)
. (1)

Here, rj is the rank of the jth criteria, j � 1, 2, . . . , n.
If there are multiple decision-makers, the ranks can be

determined through discussion. Alternatively, rankings of
the individual decision-makers can be added together and
averaged to get the final rank values. It is not strictly

necessary for the “ranks” to be integers, but it keeps the
process easily understandable.

3.2. TOPSIS (Technique forOrder of Preference by Similarity to
Ideal Solution). TOPSIS (Technique for Order of Preference
by Similarity to Ideal Solution) is a multicriteria decision-
making approach created by [56]. It is founded on the
principle that the best option should be the one with the least
geometric distance from the positive ideal solution and the
greatest geometric distance from the negative ideal solution.
.e steps for this method are listed as follows:

Step 1: create an evaluation matrix with m alternatives,
with xij representing the score for the ith candidate in
the jth criteria in an m × n matrix of the form given
below as decision matrix D.

D �

x11 · · · x1n

⋮ ⋱ ⋮

xm1 · · · xmn

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦. (2)

Step 2: calculate the normalised matrix using the fol-
lowing formula:

rij �
xij

�������


m
i�1 x

2
ij

 . (3)

In the previous formula, i � 1, 2, . . . , m and
j � 1, 2 . . . , n.
Step 3: construct the weighted normalised matrix vij.
.is is calculated by multiplying the weight wj we had
calculated before by each column of matrix rij. .e
formula is

vij � wjrij. (4)

Step 4: identify the Positive Ideal Solution (PIS) (A∗)
and Negative Ideal Solution (NIS) (A− ), where

A
∗

� v
∗
1 , v
∗
2 , . . . , v

∗
n ,

A
−

� v
−
1 , v

−
2 , . . . , v

−
n .

(5)

We define

v
∗
j �

max vij , if jϵJ1

min vij , if jϵ J2

⎧⎪⎨

⎪⎩
,

v
−
j �

min vij , if j ϵJ1

max vij , if jϵ J2
.

⎧⎪⎨

⎪⎩

(6)

In the previous formula, J1 and J2 are attributes related to
criteria that have a positive impact and attributes related
to criteria that have a negative impact, respectively.
Steps 5 and 6: the n-dimensional Euclidean distance
can be used to calculate the separation or distance
between the alternatives. .e separations from the PIS
A∗ and NIS A− are S∗ and S− , respectively.
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S
∗
i �

�����������



n

j�1
vij − v

∗
j 

2




,

S
−
i �

�����������



n

j�1
vij − v

−
j 

2




.

(7)

In the previous formula, i � 1, 2 . . . , m and j �

1, 2 . . . , n. After this, in Step 3.2.5, we calculate the
similarity using

C
∗
i �

S
−
i

S
∗
i + S

−
i

. (8)

.e terms have usual meaning mentioned previously.
Step 7: we choose the candidate with the maximum C∗i
or rank all the alternatives in a descending order
according to their C∗i values. .is process is done for
both the S∗i and S−

i values..e flowchart of these steps is
given in Figure 1.

3.3. NR-TOPSIS (Improved R-TOPSIS). .is updated ver-
sion of TOPSIS method is abbreviated as NR-TOPSIS
method because it can (supposedly) handle rank reversal
problems based on the historical maximum value of indi-
cator data. In article [52], the author claimed and proved the
method to be effective on the dataset, which had 4–7 al-
ternatives and removed the rank reversal problem in original
TOPSIS method. .e steps of the algorithm are as follows:

Step 1: find the minimum value mj and maximum
value Mj of each attribute Cj. So, for any attribute xij,
the condition mj ≤xij ≤Mj is satisfied. Also, the
condition mj ≤ xij ≤Mj must be satisfied when the
scheme is increased, decreased, or replaced.
Step 2: the original decision-making matrix
X � (xij)m×n is standardized and transformed to gen-
erate standardized decision-making matrix
Y � (yij)m×n, where yij are normalised attribute values.
.is will eliminate the influence of dimension on data
decision-making.
If Cj is benefit attribute, then

yij �
xij − mj

Mj − mj

. (9)

If Cj is cost attribute, then

yij �
Mj − xij

Mj − mj

. (10)

Step 3: calculate the weighted normalised decision-
making matrix � (vij)m×n. .e weighted normalised
attribute value vij has the same calculation as that of
TOPSIS, vij � wjyij, i � 1, 2, . . . , m; j � 1, 2, . . . , n.
Step 4: identify the Positive Ideal Solution PIS (A∗) and
Negative Ideal Solution NIS (A− ), where

A
∗

� v
∗
1 , v
∗
2 , . . . , v

∗
n ,

A
−

� v
−
1 , v

−
2 , . . . , v

−
n

(11)

and
v
∗
j � wj,

v
−
j � 0.

(12)

j � 1, 2, . . . , n.

Step 5: compute the Euclidean distances S∗i and S−
i for

every alternative Ai between the positive ideal solution
and the negative ideal solution, respectively.

S
∗
i �

�����������



n

j�1
vij − v

∗
j 

2




,

S
−
i �

������������



n

j�1
vij − v

−
j 

22




.

(13)

In the previous formula, i � 1, 2 . . . , m and j � 1, 2 . . . , n.
After this, we calculate the similarity using

C
∗
i �

S
−
i

S
∗
i + S

−
i

. (14)

.e terms have usual meaning mentioned previously. .e
logic of the two instances in which the indicator is a benefit
type or a cost type is examined as follows:

Start

A* and A–

Find PIS and NIS

Generate Rankings

End

Si* and Si
–

Find all distances

Multiply Weights

vij = wjrij

Obtain Decision Matrix

D =
x11 ...

...

... ......

x1n

xmnxm1

Normalize Matrix

rij =
xij

∑m
i= 1 x2

ij

Calculate scores

Si* + Si
–

Si
–

Ci* =

Figure 1: Flowchart of TOPSIS.
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(1) Two extreme cases are considered when Cj is a
benefit attribute: xij � mj and xij � Mj, which
means if the value of an attribute is the same as the
maximum or minimum value in that column. When
xij � mj consider yij � mj − mj/Mj − mj � 0 and
v−

j � vij � 0, and when xij � Mj consider
yij � Mj − mj/Mj − mj � 1, where v+

j � vij � wj.
(2) In case of cost attribute Cj, again two extreme cases

can occur. When xij � mj consider
yij � Mj − mj/Mj − mj � 1, where v+

j � vij � wj,
and when xij � Mj consider yij � Mj − Mj/Mj −

mj � 0 and v−
j � vij � 0.

3.4. TODIM (TOmada de DecisãoInterativa e Multi-
critério, an Acronym in Portuguese for Interactive Multi-
criteria Decision-Making). .e TODIM technique we
studied from [9] is based on PT (prospect theory), as its
value gain/loss function is defined in [29]. Gains and
losses are always calculated in relation to a reference
point in this situation. As a result, while this technique
acknowledges the possibility of decision-makers, it does
not incorporate their actual involvement. .e following
are the stages that a TODIM application would take in
algorithmic form:

Step 1: we will reuse the initial evaluation matrix
considered in the previous section. We directly nor-
malize the ratings and weights using the following
formula:

Pij �

xij


m
k�1 xkj

if j ∈ J1,

1/xij


m
k�1 1/xkj

if j ∈ J2.

⎧⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

(15)

For the weighting factor or trade-off rate between the
reference criteria r and the generic criteria c, here, wr

determines the most relevant reference criterion for the
decision-maker. Often, it is the maximum weight. In
general, any criterion can be used as the reference
criterion, and this decision has no effect on the final
findings. So, the formula we have is

wrc �
wc

wr

, (16)

where wr � max wc|c � 1, 2, . . . , n  and i � 1, 2 . . . , m;

j � 1, 2 . . . , n.
Step 2: for calculating the dominance degree, we
need to first check the contribution of each criterion
using a formula, where φc is the contribution of
criterion c to the function δ(Ai, Aj) and θ is the loss
of attenuation factor whose value we considered as 1.

In our case,

φc Ai, Aj  �

������������
Pic − Pjc wrc


n
c�1 wrc



, if Pic − Pjc ≥ 0

−
1
θ

������������������


n
c�1 wrc(  Pjc − Pic 

wrc




, if Pic − Pjc < 0

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

,

(17)

and combining all contributions, we get the dominance
degrees from the measurement of dominance δ(Ai, Aj)

as

δ Ai, Aj  � 
n

c�1
φc Ai, Aj , (18)

where i, j � 1, 2 . . . , m; c � 1, 2 . . . , n.
Step 3: finally, compute the values of ξi, which are the
normalised global performances of alternatives com-
pared to others, such that the largest value is picked as
more significant than the other alternative’s values:

ξi �


n
j�1 Ai, Aj δ − min

i


n
j�1 δ Ai, Aj 

max
i


n
j�1 Ai, Aj  − min

i


n
j�1 δ Ai, Aj 

. (19)

In the previous formula, i � 1, 2, . . . , n..e flowchart of
these steps is in Figure 2.

4. Case Study

We used the IPL 2019 dataset and rated 15–16 randomly
picked cricketers. In this section, we will first calculate the
weights for the 12 and 9 criteria selected to rank batsman and
bowlers accordingly. .en we will implement them in
TOPSIS, NR-TOPSIS, and TODIM to check the rank
generated by these algorithms, respectively. We have
highlighted the important calculations only and thus the
intermediate steps can be found in the Supplementary
Materials provided with this paper.

4.1. Criteria Selection. We used the rank-sum weight ap-
proach to determine the weights of the criteria specified for
batsmen and bowlers, making it easier for decision-makers
to grasp and rank the criteria based on their preferences..e
criteria for batsmen are described in Table 1, and those for
bowlers are stated in Table 2. It should be noted that the
criteria rankings are adjusted for the T20 format and are
subject to change based on the decision-makers’ preferences.
.e batsmen and bowlers chosen here are randomly selected
with no regional preferences from the list given in the two
following links: https://www.iplt20.com/stats/2019/most-
runs and https://www.iplt20.com/stats/2019/most-wickets.
As we can see, our data is collected from a trustworthy and
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easily available to public source; thus we do not need to
implement a fuzzy algorithm here.

.e ranking of criteria is subjective, and the decision-
maker is expected to arrange them according to their
preferences. Keeping in mind the T20 format, we assume
that strike rate is more important than batting average for

batsmen courtesy of the limited playtime. Similarly, a good
batsman may have scored fewer runs overall but may have
helped finish more run chases successfully. In case of
bowlers, both strike rate and economy are important.
However, bowling out all batsmen ends the game quicker, so
strike rate takes priority. .is form of reasoning applies to

Table 1: Batting performance criteria.

Batting criteria Symbol Definition Rank Weights Ideally
Strike rate SR SR � runs/BF × 100 1 0.1538462 Higher
Batting average Avg Avg � runs/outs 2 0.1410256 Higher
Runs Runs .e total runs scored in the season 3 0.1282051 Higher
Innings Inn .e number of innings played in the season 4 0.1153846 Higher
Not outs NO .e number of innings undefeated 5 0.1025641 Higher
6s 6s .e number of sixes hit 6 0.0897436 Higher
4s 4s .e number of fours bit 7 0.0769231 Higher
100s 100s .e number of centuries scored 8 0.0641026 Higher
50s 50s .e number of half-centuries scored 9 0.0512821 Higher
Matches Mat .e number of matches played, might be more than the number of innings played 10 0.0384615 Higher
Highest score HS .e highest individual score 11 0.025641 Higher
Balls faced BF .e number of balls faced in the tournament 12 0.0128205 Higher

Table 2: Bowling performance criteria.

Bowling criteria Symbol Definition Rank Weights Ideally
Strike rate SR SR � BB/wkts 1 0.200000 Lower
Economy Econ Econ � runs/overs � runs/BB × 6 2 0.177778 Lower
Bowling average Avg Avg � runs/wkts 3 0.155556 Lower
Wickets Wkts .e number of wickets taken in the season 4 0.133333 Higher
Runs Runs Total runs conceded 5 0.111111 Lower
Innings Inns .e number of innings played 6 0.088889 Higher
Balls bowled BB Total number of balls bowled 7 0.066667 Higher
4 wicket hauls 4w Frequency of times 4 wickets were taken 8 0.044444 Higher
Matches Mat .e number of matched played 9 0.022222 Higher

Φc (Ai, Aj)

Calculate
Update weights

Calculate

Generate Rankings

Start

Obtain Decision Matrix

D =
x11 ...

...

... ......

x1n

xmnxm1

End

 δ (Ai, Aj)

Calculate

iξ

Figure 2: Flowchart of TODIM.
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ranking the remaining criteria as well. .e rankings we
present here are not authoritative, but they are certainly
close to what would be used in practice. We illustrate an
example that differs from the current context: in One-Day
Internationals (ODIs), strike rate may have a lower pref-
erence than batting average and total runs scored for
batsmen. Similarly, the number of balls faced becomes more
important in a test match. .erefore, the decision-makers
need to rank the criteria based on the format of the game
being played.

4.2. Application of TOPSIS. After computing the weights of
the criteria, we will rank the alternatives, which are batsmen
and bowlers, using TOPSIS whose algorithm is described in
the previous section..e evaluationmatrix is the same for all
algorithms and we will be dealing with the crisp dataset.

Step 1: the evaluation matrix for Foreign Batsmen of
IPL 2019 (retrieved from the official website mentioned
at the beginning of the section) is represented in
Table 3.
.e same for bowlers is presented in Table 4 and all the
data are taken form the website mentioned at the be-
ginning of the section.
Step 2: the normalised matrix is calculated.
Step 3: the weighted normalised matrix is calculated.
Step 4: the Positive Ideal Solution (PIS) (A∗) and
Negative Ideal Solution (NIS) (A− ) are identified.
Step 5: S∗i , S−

i , and Ci∗ are calculated for all players
(batsmen and bowlers).
Step 6: S∗i , S−

i , and Ci∗ are calculated for all players
(batsmen and bowlers).
.en, we proceed to rank the candidates according to
the distance values. .ese values for the batsmen and
bowlers are provided in Tables 5 and 6.
Step 7: we choose the candidate with the maximum C∗i
or rank all the alternatives in a descending order
according to their C∗i values. .is process is done for
both the S∗i and S−

i values.

4.3. Application of NR-TOPSIS. We will utilize the same
evaluation matrix and weights for the criteria as calculated
previously. Here, Mj and mj are the maximum and mini-
mum values selected from each column of Tables 3 and 4,
respectively:

Step 1: the evaluation matrix for Foreign Batsmen of
IPL 2019 (obtained from the official website mentioned
at the beginning of the section) is represented in Table 3
and that for bowlers is presented in Table 4 and all the
data are taken form the website mentioned at the be-
ginning of the section.
Step 2: we calculate the normalised matrix.
Step 3: the weighted normalised matrix is then cal-
culated using a formula..ese results are all available in
the Supplementary Materials.

Step 4: the Positive Ideal Solution (PIS) (A∗) and
Negative Ideal Solution (NIS) (A− ) are identified.
Step 5: S∗i , S−

i , and Ci∗ are calculated for all players
(batsmen and bowlers).
Step 6: S∗i , S−

i , and Ci∗ are calculated for all players
(batsmen and bowlers).

.en we proceed to rank the candidates according to the
distance values. .ese values for the batsmen and bowlers
are provided in Tables 7 and 8.

4.4.ApplicationofTODIM. In this part, we will be evaluating
the rank generated using TODIM. We have considered the
value of attenuation factor θ as 1. However, decision-makers
can change the value accordingly. Changing this value might
affect the final ranking and is therefore discussed in the
Sensitivity Analysis section.

Step 1: we can determine the trade-off rate for batsmen
and bowlers using the list of weights we calculated
before. .ey are presented in Table 9.
Step 2: we calculate the matrix φc(Ai, Aj) and then the
matrix δ(Ai, Aj) for θ � 1.
Step 3: then, we compute the values of ξi. .e values of
ξi are calculated in Table 10.

4.5. Results. .e rankings generated by TOPSIS for batsmen
and bowlers, who are international players in the IPL 2019,
are tabulated in a descending order of preference and
summarised in Table 11. Similarly, the ranks generated by
NR-TOPSIS and TODIM are summarised in Tables 12 and
13, respectively.

From the tables, we see that David Warner is ranked as
the best batsman (according to our criteria) considering the
criteria strike rate, batting average, runs, and so forth in
TOPSIS and TODIM. Meanwhile, in case of NR-TOPSIS,
Andre Russell is the best batsman. For bowlers, Kagiso
Rabada and Imran Tahir are the top two choices for all the
three approaches based on criteria like strike rate, bowling
average, and wickets. However, their relative ranks are
swapped in case of TODIM. For the lowest performers (out
of the chosen candidates), we find that KaneWilliamson and
Ben Stokes appear near the end of the list for batsmen, and
Trent Boult is the analogue for bowlers. .ese rankings are
relative to the number of candidates chosen. .e rankings of
the players in the middle of the lists vary slightly. We
elaborate on the application of these findings in the
Conclusion.

.e rankings for both batsmen and bowlers are similar
enough in the middle of the list as is evident from our
Spearman Rank Correlation calculations. It is generally the
top ranked players that shuffle their positions greatly across
the methods. We tried to minimize the effect of rank reversal
using NR-TOPSIS over TOPSIS but failed to see any im-
provement at all. TODIM performed the best in this regard
out of the three methods by producing the least number of
rank reversals during the sensitivity analysis.
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4.6. Spearman Rank Correlation Coefficient Test. .e
Spearman Rank Correlation Coefficient [57] is a nonpara-
metric measure of the consistency and control of the

relationship between two ranking variables..ere are several
research articles where authors have evaluated various
ranking methods, such as ELECTRE and TOPSIS [58],

Table 5: Distance values for batsmen.

Batsmen S∗i S−
i C∗i

AB de Villiers 0.070196 0.055112 0.439813
Andre Russell 0.056888 0.081165 0.587927
Ben Stokes 0.106526 0.027294 0.203959
Chris Gayle 0.076169 0.055195 0.420169
Chris Lynn 0.090296 0.040840 0.311430
David Warner 0.051679 0.090778 0.637231
Faf du Plessis 0.088862 0.036606 0.291756
Jonny Bairstow 0.062814 0.069648 0.525796
Jos Buttler 0.095810 0.032634 0.254072
Kane Williamson 0.105748 0.019120 0.153120
Kieron Pollard 0.079607 0.062885 0.441323
Marcus Stoinis 0.087082 0.061924 0.415581
Moeen Ali 0.093227 0.029365 0.239533
Quinton de Kock 0.080278 0.053022 0.397761
Shane Watson 0.094307 0.041946 0.307855
Steve Smith 0.092551 0.033953 0.268397

Table 3: Batsmen statistics.

Name Nationality Mat Inn NO Runs HS Avg BF SR 100s 50s 4s 6s
AB de Villiers South African 13 13 3 442 82 44.20 287 154.00 0 5 31 26
Andre Russell West Indian 14 13 4 510 80 56.67 249 204.81 0 4 31 52
Ben Stokes English 9 9 3 123 46 20.50 99 124.24 0 0 8 4
Chris Gayle West Indian 13 13 1 490 99 40.83 319 153.60 0 4 45 34
Chris Lynn Australian 13 13 0 405 82 31.15 290 139.65 0 4 41 22
David Warner South African 12 12 2 692 100 69.20 481 143.86 1 8 57 21
Faf du Plessis South African 12 12 1 396 96 36.00 321 123.36 0 3 36 15
Jonny Bairstow English 10 10 2 445 114 55.63 283 157.24 1 2 48 18
Jos Buttler English 8 8 0 311 89 38.88 205 151.70 0 3 38 14
Kane Williamson New Zealander 9 9 2 156 70 22.29 130 120.00 0 1 12 5
Kieron Pollard West Indian 16 14 6 279 83 34.88 178 156.74 0 1 14 22
Marcus Stoinis Australian 10 10 6 211 46 52.75 156 135.25 0 0 14 10
Moeen Ali English 11 10 2 220 66 27.50 133 165.41 0 2 16 17
Quinton de Kock South African 16 16 1 529 81 35.27 398 132.91 0 4 45 25
Shane Watson Australian 17 17 0 398 96 23.41 312 127.56 0 3 42 20
Steve Smith Australian 12 10 2 319 73 39.88 275 116.00 0 3 30 4

Table 4: Bowlers statistics.

Name Nationality Mat Inn Ov BB Runs Wkts Avg Econ SR 4w
Andre Russell West Indian 14 12 30.1 181 287 11 26.09 9.51 16.45 0
Ben Stokes English 9 6 16.5 101 189 6 31.5 11.23 16.83 0
Chris Morris South African 9 9 33.0 198 306 13 23.54 9.27 15.23 0
Dwayne Bravo West Indian 12 12 41.1 247 330 11 30 8.02 22.45 0
Imran Tahir South African 17 17 64.2 386 431 26 16.58 6.7 14.85 2
Jofra Archer English 11 11 43.0 258 291 11 26.45 6.77 23.45 0
Kagiso Rabada South African 12 12 47.0 282 368 25 14.72 7.83 11.28 2
Keemo Paul West Indian 8 8 27.1 163 237 9 26.33 8.72 18.11 0
Lasith Malinga Sri Lankan 12 12 44.5 269 438 16 27.38 9.77 16.81 2
Moeen Ali English 11 9 25.0 150 169 6 28.17 6.76 25 0
Mohammad Nabi Afghan 8 8 29.1 175 194 8 24.25 6.65 21.88 1
Rashid Khan Afghan 15 15 60.0 360 377 17 22.18 6.28 21.18 0
Sam Curran English 9 9 33.0 198 323 10 32.3 9.79 19.8 1
Sunil Narine West Indian 12 12 44.2 266 347 10 34.7 7.83 26.6 0
Trent Boult New Zealander 5 5 19.0 114 163 5 32.6 8.58 22.8 0
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Table 6: Distance values for bowlers.

Bowlers S∗i S−
i C∗i

Andre Russell 0.05682 0.04047 0.41596
Ben Stokes 0.07509 0.03480 0.31667
Chris Morris 0.05326 0.04399 0.45232
Dwayne Bravo 0.06233 0.03381 0.35169
Imran Tahir 0.02677 0.08195 0.75376
Jofra Archer 0.06068 0.03907 0.39169
Kagiso Rabada 0.02479 0.07958 0.76251
Keemo Paul 0.06216 0.03659 0.37049
Lasith Malinga 0.04895 0.05030 0.50679
Moeen Ali 0.07308 0.03787 0.34136
Mohammad Nabi 0.06135 0.04246 0.40905
Rashid Khan 0.04766 0.05515 0.53646
Sam Curran 0.06326 0.03036 0.32433
Sunil Narine 0.07204 0.03081 0.29958
Trent Boult 0.07851 0.03114 0.28400

Table 7: Distance values for batsmen.

Batsmen S∗i S−
i C∗i

AB de Villiers 0.174382 0.160163 0.478748
Andre Russell 0.116700 0.248776 0.680691
Ben Stokes 0.302746 0.054920 0.153552
Chris Gayle 0.182300 0.164425 0.474222
Chris Lynn 0.226352 0.126221 0.357999
David Warner 0.154195 0.238726 0.607567
Faf du Plessis 0.237810 0.110955 0.318137
Jonny Bairstow 0.175557 0.179480 0.505525
Jos Buttler 0.245161 0.108004 0.305817
Kane Williamson 0.300392 0.040603 0.119072
Kieron Pollard 0.202568 0.164377 0.447960
Marcus Stoinis 0.236055 0.147292 0.384226
Moeen Ali 0.241691 0.105719 0.304306
Quinton de Kock 0.204539 0.169953 0.453822
Shane Watson 0.244431 0.153702 0.386057
Steve Smith 0.257682 0.094443 0.268208

Table 8: Distance values for bowlers.

Bowlers S∗i S−
i C∗i

Andre Russell 0.207621 0.185358 0.471674
Ben Stokes 0.288852 0.164804 0.363279
Chris Morris 0.191566 0.203492 0.515094
Dwayne Bravo 0.239656 0.157935 0.39723
Imran Tahir 0.119727 0.320159 0.727823
Jofra Archer 0.224961 0.199751 0.470322
Kagiso Rabada 0.109768 0.320403 0.744827
Keemo Paul 0.213923 0.180645 0.457831
Lasith Malinga 0.221858 0.183265 0.452369
Moeen Ali 0.261022 0.2044 0.439172
Mohammad Nabi 0.213779 0.221073 0.508387
Rashid Khan 0.181835 0.24905 0.577996
Sam Curran 0.260104 0.126541 0.327279
Sunil Narine 0.295574 0.147027 0.332188
Trent Boult 0.284633 0.155375 0.353119
Andre Russell 0.207621 0.185358 0.471674
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Table 9: Table of updated weights.

Batting criteria wrc Bowling criteria wrc

SR 1 SR 1
Avg 0.916667 Econ 0.888889
Runs 0.833333 Avg 0.777778
Inn 0.75 Wkts 0.666667
NO 0.666667 Runs 0.555556
6s 0.583333 Inns 0.444444
4s 0.5 BB 0.333333
100s 0.416667 4w 0.222222
50s 0.333333 Mat 0.111111
Mat 0.25
HS 0.166667

Table 10: ξi for batsmen and bowlers.

Batsmen ξi Bowlers ξi
AB de Villiers 0.804597 Andre Russell 0.561531
Andre Russell 0.818468 Ben Stokes 0.155654
Ben Stokes 0 Chris Morris 0.426346
Chris Gayle 0.848149 Dwayne Bravo 0.524013
Chris Lynn 0.687784 Imran Tahir 1
David Warner 1 Jofra Archer 0.525132
Faf du Plessis 0.667418 Kagiso Rabada 0.91773
Jonny Bairstow 0.777412 Keemo Paul 0.279925
Jos Buttler 0.427361 Lasith Malinga 0.738363
Kane Williamson 0.130708 Moeen Ali 0.374627
Kieron Pollard 0.552321 Mohammad Nabi 0.428831
Marcus Stoinis 0.247835 Rashid Khan 0.719623
Moeen Ali 0.320078 Sam Curran 0.398341
Quinton de Kock 0.823886 Sunil Narine 0.472208
Shane Watson 0.703334 Trent Boult 0
Steve Smith 0.508533

Table 11: Ranks generated by TOPSIS.

Rank Batsmen Bowlers
1 David Warner Kagiso Rabada
2 Andre Russell Imran Tahir
3 Jonny Bairstow Rashid Khan
4 Kieron Pollard Lasith Malinga
5 AB de Villiers Chris Morris
6 Chris Gayle Andre Russell
7 Marcus Stoinis Mohammad Nabi
8 Quinton de Kock Jofra Archer
9 Chris Lynn Keemo Paul
10 Shane Watson Dwayne Bravo
11 Faf du Plessis Moeen Ali
12 Steve Smith Sam Curran
13 Jos Buttler Ben Stokes
14 Moeen Ali Sunil Narine
15 Ben Stokes Trent Boult
16 Kane Williamson
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TOPSIS and modified TOPSIS [59], and MOTV algorithms
[60]. In our article, we have implemented the approach to
study the correlation between TOPSIS and NR-TOPSIS,
TOPSIS and TODIM, and TODIM and NR-TOPSIS. .e
formula used is

ρ � 1 −
6

m
i�1 d

2
i

n n
2

− 1 
, −1≤ ρ≤ 1, (20)

where ρ is the spearman rank correlation coefficient, di is the
difference between the two ranks of each method we used,
and n is the number of alternatives or players. .e values of
the correlation can vary from −1 to +1 which are further
categorized as follows:

(i) If ρ � 1, then correlation is absolute
(ii) If 0.8≤ ρ0.999, then correlation is very strong
(iii) If 0.6≤ ρ≤ 0.79, then correlation is strong
(iv) If 0.4≤ ρ≤ 0.59, then correlation is moderate
(v) If 0.2≤ ρ≤ 0.39, then correlation is weak

(vi) If 0.19≥ ρ, then correlation is very weak

.erefore, the values of ρ we obtained from results in
Tables 11–13 are given in Table 14, and as we can see TOPSIS
and TODIM are strongly positively correlated, whereas
TOPSIS and NR-TOPSIS or TODIM and NR-TOPSIS are
very strongly positively correlated.

4.7. Rank Reversal. Rank reversal is a phenomenon that
occurs when a decision-maker is choosing an alternative
from a group of options, and they are presented with ad-
ditional options that were not considered when the selection
process began. We proved rank reversal by deleting one and
two alternatives from the list of batsmen in Table 3 and then
performing the ranking. Among the alternatives, we have
seen substantial rank reversals. When we compared the three
approaches in this study, we discovered that TODIM had the
least amount of variation in the ranking. TOPSIS and NR-
TOPSIS exhibit a substantial number of reversals. Table 15
demonstrates the comparison when one alternative is

Table 12: Ranks generated by NR-TOPSIS.

Rank Batsmen Bowlers
1 Andre Russell Kagiso Rabada
2 David Warner Imran Tahir
3 Jonny Bairstow Rashid Khan
4 Ab de Villiers Chris Morris
5 Chris Gayle Mohammad Nabi
6 Quinton de Kock Andre Russell
7 Kieron Pollard Jofra Archer
8 Shane Watson Keemo Paul
9 Marcus Stoinis Lasith Malinga
10 Chris Lynn Moeen Ali
11 Faf du Plessis Dwayne Bravo
12 Jos Buttler Ben Stokes
13 Moeen Ali Trent Boult
14 Steve Smith Sunil Narine
15 Ben Stokes Sam Curran
16 Kane Williamson

Table 13: Ranks generated by TODIM.

Rank Batsmen Bowlers
1 David Warner Imran Tahir
2 Chris Gayle Kagiso Rabada
3 Quinton de Kock Lasith Malinga
4 Andre Russell Rashid Khan
5 AB de Villiers Andre Russell
6 Jonny Bairstow Jofra Archer
7 Shane Watson Dwayne Bravo
8 Chris Lynn Sunil Narine
9 Faf du Plessis Mohammad Nabi
10 Kieron Pollard Chris Morris
11 Steve Smith Sam Curran
12 Jos Buttler Moeen Ali
13 Moeen Ali Keemo Paul
14 Marcus Stoinis Ben Stokes
15 Kane Williamson Trent Boult
16 Ben Stokes
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removed and Table 16 demonstrates the comparison when
two of the alternatives are removed.

In case of NR-TOPSIS, when we removed the batsman
who was ranked 2 (Andre Russell) in Table 3, we saw a
change in ranking of alternatives present in ranks 3 (Ben
Stokes), 4 (Chris Gayle), 5 (Chris Gayle), and 6 (David
Warner). .ey are not moving positions by one spot
owing to the elimination of one player; rather they are
switching positions with one another. NR-TOPSIS was
not meant to operate in this way, as it was not supposed to
have a rank reversal problem. In case of TOPSIS, however,
when we again removed the batsman present in position 2
(Andre Russell), others in positions 5 (Chris Lynn), 6
(David Warner), 7 (Faf du Plessis), 8 (Jonny Bairstow), 9
(Jos Buttler), 10 (Kane Williamson), and 12 (Marcus
Stoinis) changed their respective ranks as well. Similar
cases were observed when we removed two alternatives.
Finally, we noticed that, in TODIM, only two players’
rankings are switched. When one alternative (3, 9, 10, or
12) or two alternatives ((3, 1), (6, 5), (7, 6), or (9, 1)) are
removed, the 4th (Chris Gayle) and 5th (Chris Gayle)
players, or 2nd (Andre Russell) and 3rd (Ben Stokes),
exchanged positions.

We added an alternative mentioned in Table 17 to the
existing list in Table 3 to observe the problem of rank
reversal in all the three methods. Because the new alter-
native was ranked last in all the three methods, we removed
one player from the original list in Table 3 and checked how
the rank reversal occurs. With TODIM, we discovered an
exceptional phenomenon. Only when the player from the
6th position is removed is there an exchange of position
between 2nd and 3rd. But, for all other players, when
removed, we see no occurrence of rank reversal issue. For
the other two methods, namely, TOPSIS and NR-TOPSIS,
we see usual occurrence of rank reversal as we have ob-
served previously.

5. Sensitivity Analysis

.e impact and stability of the weights (for both batting and
bowling criteria) produced by rank-sum weight method are
revealed in the sensitivity analysis for TOPSIS and TODIM.
We also tweaked the TODIM attenuation factor to see how
sensitive the system is for the purpose of selecting inter-
national players. For our analysis, we altered the weights for
each criterion by shuffling the rank of the criteria. Because
decision-makers can select how the criteria are ranked, we
looked at how weight changes can affect TOPSIS and
TODIM rankings. .e sensitivity of the approaches is dis-
played using the heat map representation method..e ranks
that are seen more frequently in this scheme have a darker

colour than the ranks that are seen less often, which have a
lighter colour. In this paper, the darkest hue is black, and the
lightest colour is white.

5.1. Criteria Shuffling or Weight Shuffling for TOPSIS. As
there are twelve criteria for batsmen and nine criteria for
bowlers, we end up with 12! permutations for batting
performance criteria and 9! for bowling criteria. In order to
see how changing the ranking affects the ranking of alter-
natives, we shuffle the rankings of the criteria (and hence
their weights). We uniformly selected 1000 random shuffles
for the weights using a Monte Carlo approach. .e ranking
of international players using TOPSIS is represented using
heat map style point graphs in Figures 3 and 4.

.e darker (black) dots indicate those ranks which are
more frequent in the 1000 samples chosen. Grey dots are
documented, though they appear less frequently. .e ranks
that all the players have had for various combinations of
rank of the criterion or various values of the weight may be
seen on this point graph. For David Warner (batsman), for
example, in Figure 3, we may observe two points. .e colour
of one point differs from that of the other one. .e darker
dot represents the rank that appeared more frequently than
the other. As a result, regardless of changes in weights or
criteria, we can show that he has consistently ranked first in
most cases. We may also say the same thing about Imran
Tahir (bowler) in Figure 4. Kieron Pollard (batsman) has had
a rank of 2–13, with 4 being the most common because it is
the darkest of all the dots and 2 being the least often because
it is the lightest. Even forMohammadNabi (bowler) his rank
varies between 4 and 12, with the darkest point at rank 5.
Players like Lasith Malinga (bowler) and Rashid Khan
(bowler) or Andre Russell (batsman) and Ben Stokes
(batsman) have a ranking plot with two equal dark spots,
indicating that both rankings occur frequently.

5.2. Criteria Shuffling or Weight Shuffling for NR-TOPSIS.
In the instance of NR-TOPSIS, we used the same definition
as in TOPSIS, but the outcome is different. Figure 5 rep-
resents the sensitivity analysis of NR-TOPSIS for batsmen
when the weights are shuffled. With Ben Stokes, Kane
Williamson, and David Warner, we observe somewhat
consistent results, with their rankings not deviating signif-
icantly with the change in weight. In case of TOPSIS, we saw
that these players had more grey or lighter coloured dots
surrounding the black ones, indicating that they had those
ranks for a specific weight value. Other rankings of batsmen
like Kieron Pollard, Jonny Bairstow, Shane Watson, and
Marcus Stoinis are highly unstable, similar to TOPSIS..ere
is not a lot of consistency to be seen.

In Figure 6, we see the sensitivity analysis of bowlers..e
stability is quite feeble overall. Only Kagiso Rabada, Imran
Tahir, and Rashid Khan have a reasonable level of consis-
tency. When the weights are shuffled or altered, all the other
bowlers exhibit a considerable deal of inconstancy in their
rankings. Even though the dark-coloured dots most of the
time reflect the incidence of that rank when the weights are
shuffled in the player’s direction, the existence of

Table 14: Spearman Rank Correlation Coefficient results of
TOPSIS, TODIM, and NR-TOPSIS.

TOPSIS and TODIM, TOPSIS and NR-TOPSIS, and TODIM and
NR-TOPSIS
ρ for batsmen: 0.7676, 0.9529, and 0.8647
ρ for bowlers: 0.8179, 0.9143, and 0.6464
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Table 15: Comparison of rank reversal results of NR-TOPSIS, TOPSIS, and TODIMwhen one alternative is removed from the original rank
list of batsmen.

Removed alternatives Rank
reversals for NR-TOPSIS Removed alternatives Rank reversals

for TOPSIS Removed alternatives Rank reversals for
TODIM

2 3, 4, 5, 6 2 5, 6, 7, 8, 9, 10, 12 3 4, 5
3 6, 7, 13, 14 3 12, 13 9 4, 5
4 4, 5 6 7, 8, 12, 13 10 4, 5
5 4, 5 15 11, 12 12 4, 5

Table 16: Comparison of rank reversal results of NR-TOPSIS, TOPSIS, and TODIM when two alternatives are removed from the original
rank list of batsmen.

Removed alternatives Rank
reversals for NR-TOPSIS Removed alternatives Rank reversals

for TOPSIS Removed alternatives Rank reversals for
TODIM

6, 1 6, 7, 11, 12 3, 1 5, 6, 12, 13 3, 1 4, 5
7, 2 5, 6, 7, 8, 9, 10, 11 6, 4 1, 2, 3, 4, 5, 6 6, 5 2, 3
5, 3 11, 12 10, 3 6, 7, 9, 10, 13, 14 7, 6 2, 3
10, 2 5, 6, 7, 8, 9, 10, 12 14, 2 6, 7, 8, 9, 11 9, 1 4, 5

Table 17: New batsman to be added.

Name Nationality Mat Inn NO Runs HS Avg BF SR 100s 50s 4s 6s
Shimron Hetmyer Guyanese 5 5 0 90 75 18.00 73 123.28 0 1 4 7

Table 18: Comparison of rank reversal results of NR-TOPSIS, TOPSIS, and TODIM when one alternative is removed from the new list of
batsmen.

Added alternative Rank
reversals for NR-TOPSIS Added alternative Rank reversals for TOPSIS Added alternative Rank reversals for

TODIM
2 5, 6, 7, 8, 9, 10, 12 6 1, 2, 3, 4 3 No change
3 12, 13 7 7, 8 9 No change
6 7, 8, 12, 13 9 7, 8 6 2, 3
15 11, 12 11 5, 6, 12, 13 14 No change
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Figure 3: Heat map for batsmen ranks generated by TOPSIS.
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Figure 4: Heat map for bowler ranks generated by TOPSIS.
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comparable black or lighter coloured dots shows that such
positions were likewise achieved for certain sets of criterion
weights.

5.3. Criteria Shuffling or Weight Shuffling for TODIM.
We repeat the same procedure for generating a heat map of
the rankings generated by TODIM when the weights are
shuffled. .e results are shown in Figures 7 and 8.

Unlike TOPSIS, where players like ChrisMorris (bowler)
and Kieron Pollard (batsman) have a wide range of ranks
that shift dramatically with weight changes, the TODIM
rankings are stable ranks differing by four positions at most.
Even for Sam Curran (bowler), who had the highest rating
range of 6–12, the darkest point is at rank 8. We can also
notice that several alternatives exhibit stable behaviour, such
as the first, second, or last and second last rankers of bowlers
and batsmen, who keep their rank regardless of the weight or
criteria ranking.

5.4. Change in Attenuation Factor (θ) for TODIM. .e
sensitivity analysis studied from [34] is formulated by
taking six randomly selected different values of attenuation
factor. In our case, we observe the effects of change in the
attenuation factor when it is varied from 1 to 101 with
increments of 0.1, providing us around 1000 observations.
If the value of θ is too large, the penalty for being inferior in
a category becomes insignificant. .e results are graphed in
Figures 9 and 10.

We can see the ranks that all the players have had for
various values of θ, the attenuation factor. David Warner
(batsman) and Imran Tahir (bowler), for example, had rank
1 for all values of θ. As a result, there are no grey dots areas
for them. Pollard (batsman), on the other hand, had a rank
system that ranges from 7 to 9, with 7 being the most
common and 9 being the least common. Similarly, for all
values of θ, Ben Stokes (batsman) and Kane Williamson
(batsman) have been last or second last.

6. Discussion and Future Scope

We do not need to apply our models on a fuzzy environment
here because our data is obtained from a reliable and
publicly accessible source. When it came to choosing the
players, no geographical preferences were made. .is is one
of the reasons why we chose international players rather
than Indian ones. TOPSIS and TODIM were used in this
research to analyse the performance of international players
during the selection of persons through auction in the IPL,
and we could obtain conclusive results. But rank reversal is
an issue with both methods. As a result, we implemented
NR-TOPSIS [52] to address the problem, which is a mod-
ified version of TOPSIS. We did, however, run across a rank
reversal issue with NR-TOPSIS. One of the probable reasons
might be the selection of weighting method. Although NR-
TOPSIS and TODIM are strongly correlated, there is no
advantage of implementing NR-TOPSIS as it is more un-
stable than TODIM. Hence, for ranking, we have proven that
TODIM is better than both TOPSIS and NR-TOPSIS. We

chose rank-sum weight method for our models instead of
implementing our own randomly selected values. We
present the differences between the two basic methods
TOPSIS and TODIM in Table 19.

In this article, our findings proved that, whether players
were added or withdrawn, TODIM saw a significantly lower
change in rank. After sensitivity analysis of the rankings, we
observed that the rankings generated by TOPSIS and NR-
TOPSIS are both more susceptible to change of weights than
the rankings generated by TODIM. In article [34], it is stated
that the final rankings from TOPSIS will vary if any single
weight varies in proportion by ±20% to ±50%. Since we are
only allowing decision-makers to set the rankings of the
judgement criteria and using these rankings to calculate
criteria weights, the changes in proportion are larger than
20%, thereby affecting the final rankings and making the
outcome unstable. In case of TODIM, the rankings of the
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Figure 5: Heat map for batsmen ranks generated by NR-TOPSIS.
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Figure 6: Heat map for bowlers ranks generated by NR-TOPSIS.
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criteria are not as important because the final ranks for the
candidates change little. .e decision-makers can choose
any parameter values they like, and the TODIM model will
give stable rankings anyway. Sensitivity analysis done for a
range of values of attenuator factor θ and weight shuffling for
criteria proved the stability of TODIM. .erefore, this
method is recommended over TOPSIS and NR-TOPSIS for
any level of decision-makers, from experts to less experi-
enced. .e ranks for the best and worst performers remain
relatively the same for both approaches, with the candidates
in the middle hovering near their general regions.

Amos Tversky and Daniel Kahneman proposed cumu-
lative prospect theory (CPT) in 1992 [61] as a model for
describing judgments under risk and uncertainty. .e main
difference between prospect theory (PT) and cumulative

prospect theory is that, rather than the probabilities
themselves, the cumulative probabilities are transformed in
CPT. .ereby, CPT removes the limitation of PT which
violates first-order stochastic dominance. We did not use
CPT-TODIM in our paper since we wanted to demonstrate
the superiority of TODIM over TOPSIS for rank alternatives
or IPL foreign player performance analysis. We have
therefore demonstrated that TODIM is better than TOPSIS
in terms of sensitivity and accuracy without having to use
any modified version of TODIM. However, the following
questions may arise: What if the source we used is deemed
untrustworthy by people? What if a circumstance arises in
which player performance must be analysed based on more
than simply their scores? In such scenario, scholars may
want to employ CPT-TODIM in a fuzzy environment.
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Figure 9: Heat map for batsmen ranks by TODIM through varying
θ.
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Figure 10: Heat map for bowlers ranks by TODIM through varying
θ.
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Figure 7: Heat map for batsmen ranks by TODIM through shuffled
weights.
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Figure 8: Heat map for bowler ranks by TODIM through shuffled
weights.
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Researchers may also want to study the risk of the economic
side of the IPL auction, and in such cases as well CPT-
TODIM in a fuzzy environment can be used. Some articles
[40, 62, 63] presented implementation of fuzzy CPT-
TODIM for diverse decision-making applications in recent
studies. Future research can be conducted to compare the
findings of TODIM with those of CPT-TODIM or in a fuzzy
environment for the IPL dataset. DEA is another quanti-
tative tool that can be used for foreign player ranking in the
Indian Premier League. In 1978, Charnes, Cooper, and
Rhodes proposed Data Envelopment Analysis (DEA) as a
performance evaluation method. It is sometimes known as
frontier analysis. It is a strategy for assessing the relative
efficiency of decision-making units (DMUs) in organiza-
tions. A DMU is a discrete unit inside an organization that
has flexibility in some of its decisions but not total freedom
in others. In the case of IPL, runs per innings, boundaries per
innings, and so on can be commonly used to determine
efficiency..e relative efficiencies are then determined using
the highest ratio as a reference. Future research might use
DEA [64–66] to assess the player’s efficiency in Indian
Premier League.

We did not pick any additional MCDM techniques for
our comparative analysis because of practicality and ease of
comprehending the approaches. We proved through this
research work that TODIM is superior to TOPSIS and its
variations. .e simplicity and high usage of the algorithm
are the reasons why TOPSIS was chosen over other MCDM
approaches in this study. TODIM was chosen because it is
the only approach based on prospect theory, the result of
which the decision-makers can use to auction overseas
players.We have therefore proved in our article that TODIM
is better than TOPSIS and NR-TOPSIS through the sensi-
tivity analysis. .e ease with which it can be computed in
challenging scenarios and its low sensitivity are some other
reasons for selecting this method.

We had also attempted to alter TODIM by applying the
same modification used in NR-TOPSIS, that is, a change in
the normalization procedure formulation. However, no
meaningful results were obtained, and the rank reversal
problem persisted. In fact, the modified TODIM was less
stable than the original TODIM and was more sensitive to
changes in weight or attenuation factor. Rank reversal may
occur in TODIM, as shown in our work; as a future scope, it
should be explored further, so that the problem may be
eradicated from the approach and the application can be
applied on a wide scale. Further, CPT-TODIM and modified
variants of TODIM can be applied to the IPL dataset in the
future to compare international player rankings for the IPL
auction. Lastly, all the player statistics were obtained from

the official website (http://www.iplt20.com).We did not take
into consideration the statistics from IPL 2020 or IPL 2021
because the matches were played during the COVID-19
pandemic, which could have affected the players’ general
confidence and mental health, preventing them from per-
forming as well as expected. 2019 was the latest year un-
affected by the effects of the pandemic and, consequently,
our year of choice.

7. Conclusion

IPL cricket players’ salaries are determined through an
auction process. .e same rule applies to foreign players as
well. As a result, the team owners must make a judgement
based on the performance of the players in previous matches
of IPL to determine which player to bid for and at what price.
So, the models proposed in this paper might assist a fran-
chisee in selecting the right players available. .e IPL
management releases a list of international players who may
draw a little attention for a maximum number of slots
available during the auction. For example, according to one
article [67], the IPL management had released a list of 292
international players for sixty-one places available for the
2021 auction. We ranked players in this paper based only on
statistics from the 2019 season of IPL as an example. During
the real-life player enlistment process, decision-makers can
change these criteria at their will.

DavidWarner and Andre Russell have a shared first rank
among batsmen, while Imran Tahir and Kagiso share the top
spot among bowlers, according to our TOPSIS, NR-TOPSIS,
and TODIM approaches. Hence, these players can establish
higher starting prices during the IPL auction. Since the team
owners may need to work on several lists of players si-
multaneously, our recommended approach TODIM is basic
and straightforward to execute. To compute the value of the
weights, we use the rank-sum weight approach, which
comprises rating the criteria. As a result, it is up to the
decision-makers to prioritize the criteria. In this paper, we
performed sensitivity analysis on our algorithms to examine
how the rank may vary owing to weight changes. TOPSIS
and NR-TOPSIS are definitely affected by this weighting
scheme, and the subjective preferences of the decision-
maker are reflected properly. However, TODIM allows re-
tention of subjectivity along with improved stability. If the
decision-makers cannot rank the criteria in order of im-
portance, they can give the same rank to conflicting criteria.
Even when the attenuation factor or weight values were
changed, the model remained quite stable. .e fact that
TODIM’s higher time complexity might be viewed as a
detractor is overshadowed by the accuracy of the method. As

Table 19: Difference between TOPSIS and TODIM.

TOPSIS TODIM

1.
.e essential premise is that the chosen alternative should be

closest to the Positive Ideal Solution and farthest from the Negative
Ideal Solution. .e metric most used is Euclidean distance.

.e chosen alternative should have better scores for most criteria
against all alternatives. Having a lesser score is penalised by an

amount determined by θ.

2. It has a lower time complexity for comparison,O(mn), wherem is
the number of criteria and n is the number of candidates.

It has a higher time complexity for comparison,O(mn2), wherem
is the number of criteria and n is the number of candidates.
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TODIM was never used before to rank players in IPL or any
sports, we have demonstrated how this approach can be
useful. We also looked at the differences between two well-
known MCDM techniques (and a modification) and how
their behaviour affects the ranking of alternatives. It is
therefore recommended that decision-makers should select
TODIM over TOPSIS and NR-TOPSIS based on their
requirements.

However, while utilising NR-TOPSIS to solve the heavy
rank reversal problem of TOPSIS, we observed that the
problem still exists. .is showed TODIM’s superiority,
making it the preferred technique for ranking players. We
have included the Python code for TOPSIS, NR-TOPSIS,
and TODIM in the Supplementary Materials section of this
paper. .erefore, researchers may use the comparative
analysis for additional scenarios in the future, not simply
rating players, to aid in practicality.

Data Availability

.e data are available at https://resources.platform.iplt20.
com/IPL/document/2021/04/04/35d7aa60-14d1-4260-bcc1-
72b8d1e461ba/IPL-2021-Match-Playing-Conditions.
pdfURL, retrieved: 2021-05-22.
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Supplementary Materials

.e Python source code and the intermediate steps are
available at the following repository: https://github.com/
hungrybluedev/MCDM_IPLWe also provide the output
generated by the Python code formatted into a single PDF
file that contains all the intermediate steps of the calcula-
tions. .e order in which the code and results are presented
in the documentis as follows:

(1) TOPSIS, batsmen ranking
(2) TOPSIS, bowlers ranking
(3) NR-TOPSIS, batsmen ranking
(4) NR-TOPSIS, bowlers ranking
(5) TODIM, batsmen ranking
(6) TODIM, bowlers ranking (Supplementary Materials)
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