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This paper investigates the application of multi-criteria decision-making 
methods (MCDM) for the aggregation of expert opinions related to ranking, 
considering the weight coefficients of the experts' competencies. 
Measurement Alternatives and Ranking according to Compromise Solution 
(MARCOS), Complex Proportional Assessment (COPRAS), Additive Ratio 
Assessment (ARAS), and Combined Compromise Solution (CoCoSo) methods, 
which are traditionally used to select the optimal alternative in MCDM, are 
applied in this study for the purpose of aggregating the ranks given by experts. 
The validity of the results was confirmed by comparison with the Einstein 
weighted arithmetic average (EWAA), Hamacher weighted arithmetic 
aggregation (HWAA), Ordered Weighted Averaging (OWA), and Ordered 
Weighted Geometric (OWG) operators, where identical ranks were obtained. 
The conducted sensitivity analysis based on a Monte Carlo simulation 
confirms that classical MCDM methods provide stable and reliable results 
under conditions of perturbations of expert weights and ranks, while 
aggregation operators show significantly lower robustness and consistency. 
The aforementioned shows that MCDM methods can be a reliable and 
practical tool for group decision-making, i.e., the aggregation of expert 
opinions, with the advantage of generating final ranks without additional 
post-analysis. 
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1. Introduction 

Everyday life requires people to make various decisions, both personal and business. These 
decisions are made with different goals in mind, which primarily satisfy certain interests, where they 
choose the one that satisfies them most fully from among the offered options. Goals can be set as 
personal goals of individuals, while for profit business organizations the goal is always, in essence, 
higher earnings, both directly and indirectly.  
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The term "decision" itself has several meanings. Based on the opinions of various authors [1-7] 
common premises can be observed in all definitions, which are reflected in the following: 

1) A decision is a choice between two or more alternatives (options/actions); 
2) A decision has as its ultimate result the achievement of a specific goal and 
3) A decision is the result of decision-making. 

The most general division of decisions in relation to the fact of who makes them, i.e. the number 
of decision makers [8], is into:  

1) Individual (where the decision is made by an individual) and 
2) Group (where the decision is made by a group of people). 

Since a ‘’decision’’ is the result of ‘‘decision-making’’, it is necessary to define this term as well. 
Decision-making can be defined as the process of choosing one alternative from a set of possible 
alternatives in order to solve a specific problem and achieve a set goal, the final result of which is a 
decision. Just as decisions can be individual and group, decision-making can also be divided in the 
same way. 

Group decision-making is a process in which several experts participate in the evaluation of 
criteria or alternatives, with the aim of making a single and as objective decision as possible [9]. In 
practice, experts often have different attitudes, experiences and levels of competence, leading to 
heterogeneous rankings and ratings. Without adequate aggregation, this diversity can make it 
difficult to reach consensus and reduce the reliability of the final decision. Therefore, it is necessary 
to develop methodologies that enable the unification of expert opinions into a single result, while 
respecting the weight coefficients that reflect the competencies of each participant.  

The weight competences of experts represent one of the most important elements in the MCDM 
process, because they allow the opinion of each participant to be evaluated in accordance with his 
knowledge, experience and relevance to a specific problem [10]. In this way, a balance is achieved 
between different levels of expertise and prevents the opinion of less competent experts from having 
the same influence as the opinion of leading authorities [10]. The introduction of weights ensures 
the transparency and fairness of the process, because it is clearly shown on the basis of which the 
decision was weighted. In addition, the weights contribute to the stability of the model and reduce 
the variability in the results, thereby increasing the reliability of the opinion aggregation. 
Competences can be evaluated objectively, based on publications, experience and position, 
subjectively, through the evaluations of other experts, or hybridly, by combining statistical indicators 
and expert evaluations [11]. Precisely because of this, correctly defined weight competences of 
experts form the basis for quality and reliable decision-making in MCDM frameworks. In addition to 
the MCDM methods that are intended for the selection of the optimal alternative, this is very 
important when determining the weight coefficients of the criteria using subjective MCDM methods 
such as, for example, Defining Interrelationships Between Ranked criteria (DIBR) [12], Defining 
Interrelationships Between Ranked criteria II (DIBR II) [13], Full Consistency Method (FUCOM) [14], 
because taking into account the competence of experts increases the objectivity of the decision 
made. The mentioned methods, in one of their first steps, require a comparison of criteria according 
to importance, that is, their ranking. In most cases, when calculating the weight of the criteria, group 
decision-making is used, so it is necessary to aggregate expert opinions regarding the ranking of the 
criteria. The most commonly used traditional approaches for aggregating expert opinions are given 
in Table 1. 

There is a clear difference between methods that do not take into account expert weights 
(traditional) and those that do (operators, Bayesian approach, ML). Traditional methods are simple 
but limited, while advanced operators and probabilistic approaches offer greater precision and a 
more realistic competency model, at the cost of more complex implementation and interpretation. 
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In other words, the evolution of operators goes from simple and equal approaches to sophisticated 
methods that balance expertise and data, which is precisely the space in which the proposed 
approach to MCDM methods naturally fits. 
Table 1 
Comparative overview of some expert opinion aggregation methods regarding ranking 

Method Working principle 
It respects the 
weight of 
experts 

Advantages Disadvantages 

Arithmetic mean 
Summing 
ranks/grades and 
calculating averages 

No Simple, intuitive, fast 
It ignores the 
competence of experts; 
all treated equally 

Geometric mean 
Multiplication of 
ranks and rooting 

No 
It reduces the impact 
of extreme values 

Ignores expert weights; 
more complex 
interpretation 

Borda count [15] 
Ranks are converted 
into points, added up 

No (basic 
version) 

A clear and 
transparent method 

It does not take into 
account the competence 
of experts; possible 
expansion with weights 

Consensus rank 
(median) 

A median or average 
rank is taken for each 
alternative 

No 
Robust method, 
resistant to extreme 
values 

Ignores expert weights; it 
can mask differences of 
opinion 

Kendall's tau 
minimization [16] 

 

It looks for a ranking 
that minimizes the 
total difference to all 
experts 

No 

Mathematically 
rigorous; gives the 
"closest" consensus 
rank 

Computationally 
demanding; does not 
take into account the 
competences of experts 

Einstein weighted 
arithmetic average 
(EWAA) operator [17-
19] 

Weighted arithmetic 
mean of ranks 

Yes 
Respects the weight 
of experts; flexible 
application 

Decimal results require 
additional interpretation 

Hamacher weighted 
arithmetic 
aggregation (HWAA) 
operator [20-22] 

Combination of 
subjective and 
objective expert 
weights 

Yes 

Accepts different 
types of weights; 
more robust than 
EWAA 

Decimal results require 
additional interpretation 

Ordered Weighted 
Averaging (OWA) 
[23] 

Aggregation of values 
according to a 
predefined order of 
weights 

Yes (implicit) 
Flexible operator; can 
model different views 
of experts 

It is necessary to define a 
vector of weights; 
interpretation can be 
complex 

Ordered Weighted 
Geometric (OWG) 
[24] 

The geometric 
version of the OWA 
operator 

Yes 
It reduces the impact 
of extreme values; 
flexible 

The results require 
further interpretation; 
more complex than OWA 

Bayesian methods 
[25] 

Ranks treated as 
probabilities; 
aggregation through 
the posterior 
distribution 

Yes (implicit) 

It respects the 
uncertainty and 
expertise of experts 
through probabilities 

Computationally 
complex; require 
statistical modeling 

Machine learning 
(ML) approaches [26] 

Ensemble models 
(RankNet, BordaFuse) 
combine the ranks of 
experts 

Yes (can be 
defined) 

Flexible; can learn 
from data; scalable 

They require data and 
training; complexity of 
implementation 

 
Considering that MCDM methods for selecting the optimal alternative, when applied, mainly 

consider the weights of the criteria, i.e. the magnitude of their influence on the final decision, and 
that the output of the method is the rank of alternatives, it was concluded that ranking aggregation 
can also be performed using these methods. 
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The starting hypothesis of this paper is that MCDM methods, which are traditionally used for 
ranking alternatives, can also be used for the aggregation of expert opinions regarding ranking. The 
mathematical apparatus of these methods allows expert opinions to be combined into a single result, 
while respecting the weight coefficients of competencies, and based on the concept presented in 
[11]. 

The aim of the study is to: 
1) Shows the general framework of application of MCDM methods for aggregation of expert 

ranks. 
2) Validate the application of MCDM methods for this purpose, through comparison with 

EWAA, HWAA, OWA and OWG operators. 
3) Shows that MCDM methods provide final rankings without the need for additional post-

analysis, thus facilitating interpretation and increasing practical applicability in group 
decision-making. 

In addition to the Introduction, the paper consists of three more sections. In the second section, 
the concept of aggregating expert opinions regarding ranking using traditional MCDM methods is 
presented. The third section shows the application of the mentioned concept with proof of validity, 
while in the fourth part of the paper, a Sensitivity Analysis was performed. Finally, concluding 
considerations and directions for future research are given. 
 
2. Methodology  

In classical MCDM methods, such as, for example, Measurement Alternatives and Ranking 
according to Compromise Solution (MARCOS) [27, 28], Complex Proportional Assessment (COPRAS) 
[29, 30], Additive Ratio Assessment (ARAS) [31, 32] and Combined Compromise Solution (CoCoSo) 
[33, 34], for the selection of the optimal alternative, the alternatives are evaluated according to 
defined criteria and generally have the steps presented in Table 2. 

 
Table 2 
Comparative overview of the steps of some MCDM methods   

Step MARCOS COPRAS ARAS CoCoSo 

Formation of the initial decision matrix Yes Yes Yes Yes 
Normalization of criteria (Cn) values (benefit, 
cost) 

Yes Yes Yes Yes 

Weighting the criterion values for each 
alternative 

Yes Yes Yes Yes 

Adding ideal and anti-ideal solutions Yes No No No 

Calculation of the ratio towards the optimal 
solution 

Yes  
(ideal/anti-

ideal) 

Yes 
(proportional) 

Yes 
(additive) 

Yes 
(combined) 

Calculation of the compromise index Yes No No Yes 
Combining SAW and WASPAS values No No No Yes 
Ranking of alternatives (Am) Yes Yes Yes Yes 

 
The initial decision matrix ( X ) in these methods has the following form [35]: 

1 2

1 11 12 1

2 21 22 2

1 2

n

n

n

m m m mn

C C C

A x x x

A x x x
X

A x x x

 
 
 =
 
 
 










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Each of the criteria is of Benefit or Cost type, i.e. the higher the value the better or the lower the 
value the better [35]. Considering that each of the criteria has its own weight ( i

 ) and that in each of 

the mentioned methods the weighting of the values according to the criteria for each of the 
alternatives is carried out, it is concluded that the mentioned weights affects the final decision in a 
certain percentage, given that ∑ 𝜔𝑖 = 1𝑛

𝑖=1 . In the same way that criteria weights affect the final 

decision, expert weights  (𝜔𝑖
𝐸)  do the same. 

Given that the output in these methods is the rank of alternatives, and that the input values are 
weighted by certain coefficients (weights of the criteria) as is done in the case of aggregating expert 
opinions in relation to the rank using the weight coefficient of the expert's competence, the following 
concept is reached: 

1) in the initial decision matrix, instead of criteria (horizontally), experts Е = {Е1, Е2, . . . , Е𝑒} 
are defined, and instead of criterion weights, competence weight coefficients ( E

i
 ) are 

defined, while the character of the criteria (experts) is defined as the Cost type (the best 
rank has the value 1). Instead of alternatives in the initial decision matrix (vertically), 
criteria  1 2

, ,...,
n

C C C C=  are defined, which experts are ranked by importance. 

1 2

1 11 12 1

2 21 22 2

1 2

e

e

e

n n n ne

E E E

C x x x

C x x x
X

C x x x

 
 
 =
 
 
 











 

2) by applying the mathematical apparatus of the classical MCDM method, an aggregated 
rank is reached that takes into account expert competencies. 

It is important to note that here one should take into account the consistency of expert opinions, 
that is, it should be checked using one of the well-known methodologies intended for that, as well as 
in all other situations where group decision-making is carried out. 

In order to prove the validity of the obtained results, the operators EWAA (1), HWAA (2), OWA 
(3) and OWG (4) will be used in this research, which take into account the expert competence 
coefficients during aggregation. 

 
( )( ) ( )( )

( )( ) ( )( )

1 1

1 2 1

1 1

1 1

, ,...,

1 1

E E
i i

E E
i i

e e

i i
e i i

e i e ei

i i

i i

f x f x

EWAA x x x x

f x f x

 

 

= =

=

= =

+ − −

=

+ + −

 


 
        (1)

  
 

( ) ( )( ) ( )( )

( ) ( )( ) ( ) ( )( )

1 2

1 1

1

1 1

, ,..,

1 1 1

1 1 1 1

E E
i i

E E
i i

e

e e

i i
e i i

j e ei

i i

i i

HWAA x x x

f x f x

z

f x f x

 

 



 

= =

=

= =

=

+ − − −

=

+ − + − −

 


 

      (2) 

1

1

( , , )
e

i

E

e i

i

OWA x x w x
=

 =           (3) 

1 2 ( )

1

( , , , )
E
i

e

e i

i

OWG x x x x


=

 =           (4) 

where are 𝑓(𝑥𝑖) =
𝑥𝑖

∑ 𝑥𝑖
𝑒
𝑖=1

, 0  , 𝑖 ∈ {1,2, . . . , 𝑒}, e  is the number of experts and E

i
  expert 

weights.   
The research was conducted according to the algorithm presented in Figure 1. 
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Fig. 1. Research algorithm 

 
3. Results  

For a more detailed explanation of the above concept, an example of the above application is 
given below, with proof of the validity of the results obtained. 

Let five experts Е = {Е1,Е2, . . . ,Е5}, with the values of the weight coefficients of the 

competencies 𝜔𝑖
𝐸 = {0.21,0.20,0.23,0.19,0.17}, ranked five criteria 𝐶 = {𝐶1, 𝐶2, . . . , 𝐶5} by 

importance, where the most important criterion has a value of 1, and the least important 5. The 
ranking of the criteria by importance, for each of the experts, is presented in Table 3. 
 
Table 3 
Ranking of criteria by importance by experts 

 Е1 Е2 Е3 Е4 Е5 

C1 2 1 1 1 1 

C2 1 2 3 2 2 

C3 3 3 2 3 4 

C4 4 4 4 5 3 

C5 5 5 5 4 5 

 
In order to use this data in further calculations, it is necessary to aggregate it, i.e. combine it into 

single values, taking into account the rankings of the criteria defined by each expert, as well as the 
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weights of their competencies. By applying classical MCDM methods to aggregate the ranks defined 
by experts in Table 3, the final (aggregated) ranks were obtained, presented in Table 4. 
 
Table 4 
Aggregated criteria rankings using classical MCDM methods 

 MARCOS COPRAS ARAS CoCoSo 

C1 1 1 1 1 

C2 2 2 2 2 

C3 3 3 3 3 

C4 4 4 4 4 

C5 5 5 5 5 

To confirm the validity of the obtained results, it is necessary to compare the obtained ranks with 
the results of other aggregation methodologies. One of the tools that would be used for aggregation 
are operators. For the purposes of this research, the EWAA, HWAA, OWA and OWG operators were 
used. By applying the above operators, the following aggregated criteria ranks are obtained, Table 5. 
 
Table 5 
Aggregated ranks obtained by applying the operator 

 EWAA HWAA OWA OWG 

 
Aggregated 

Value 
Rank 

Aggregated 
Value 

Rank 
Aggregated 

Value 
Rank 

Aggregated 
Value 

Rank 

C1 1.217007 1 1.22890 1 1.21000 1 1.15669 1 

C2 2.029335 2 2.04768 2 2.02000 2 1.89808 2 

C3 2.945434 3 2.95651 3 2.94000 3 2.86985 3 

C4 4.023775 4 4.03127 4 4.02000 4 3.97405 4 

C5 4.811273 5 4.81393 5 4.81000 5 4.79244 5 

 
As can be seen from the previous table, aggregated rank values were obtained, which are mostly 

records with multiple decimal places, which then need to be reduced to the final rank. Considering 
that the aggregated ranks obtained by applying classical MCDM methods (Table 4) are identical to 
the ranks obtained using operators (Table 5), it can be concluded that classical MCDM methods can 
be used to aggregate ranks defined by experts, taking into account the weight coefficients of their 
competencies, thus proving the starting hypothesis and aim of this research. 

The advantage of this approach is reflected in the fact that it is the only one that combines 
mathematical consistency, because the results given by classical MCDM methods correspond to 
those obtained by existing operators, with practical simplicity, since the final ranking is immediately 
obtained without the need for additional processing. In addition, the concept is universally applicable 
because it can be used with any MCDM method to select the optimal alternative, and at the same 
time it enables a realistic model of experts' competencies through the natural inclusion of their 
weight coefficients. In other words, this approach represents a bridge between traditional operators 
and modern MCDM methods, with a clear advantage in interpretation and flexibility 
 
4. Sensitivity Analysis 

In order to additionally check the robustness of the obtained results, a sensitivity analysis based 
on Monte Carlo simulation [35] was carried out. The basic idea of this approach is not to observe only 
one deterministic set of input parameters, but a large number of possible scenarios resulting from 
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controlled perturbations of the input data. In this way, it is examined how stable the obtained ranks 
are when there are changes in the experts' weights. 

In this section, the Monte Carlo analysis is organized so that two types of changes occur in each 
iteration. First, the experts' weights are perturbed, which simulates the possibility that the relative 
importance of individual experts is not completely fixed. In this way, the relative importance of 
experts varies in real decision-making conditions. Second, a controlled change in the rank matrix is 
introduced through random substitutions of values within the expert assessments. This models the 
possibility of minor deviations in expert assessments. After each such perturbation, the ranking of 
alternatives is recalculated for each of the observed models. The analysis of the validation results 
organized in this way has several goals: 1) It enables the evaluation of whether the first-ranked 
alternative remains dominant even under changed conditions; 2) It provides an insight into the 
average stability of the entire ranking, not just the first place and 3) It enables the mutual comparison 
of different models and shows which models give more stable and resilient results, and which are 
more sensitive to changes in input parameters. In the following, the most important results of the 
obtained Monte Carlo sensitivity analysis are presented and interpreted. 
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Fig 2. Monte Carlo sensitivity summary across all models 

 
Figure 2 provides a summary of the robustness of all considered models through two key 

indicators: the average Spearman rank correlation and the probability of retaining first place. Ranking 
stability (Figure 2) shows the average Spearman correlation between the base rank and the ranks 
obtained in Monte Carlo iterations. High values in MARCOS, COPRAS, ARAS and CoCoSo models 
indicate that their overall order of alternatives changes very little due to perturbations. COPRAS and 
CoCoSo stand out in particular, while MARCOS and ARAS also show a very high level of stability. In 
contrast, the OWA, OWG, EWAA and HWAA operators have significantly lower average correlation 
values, i.e. their ranks are much more susceptible to change. 

Leader retention (Figure 2) shows the retention probability of the first ranked alternative. The 
results show that in MARCOS and ARAS models, the first ranked alternative remains the same in 
approximately 96% of simulations, while in COPRAS and CoCoSo this probability is somewhat lower, 
but still high. With the aggregation operator, that probability is significantly lower. These results 
confirm that they are more sensitive to changes in experts' weights and changes in input ranks. Based 
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on the results from Figure 2, we can conclude that classical MCDM methods show greater robustness 
than aggregation operators when applied to the problem of aggregation of expert ranks. 
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Fig 3. Expected rank under Monte Carlo perturbations 

 
Figure 3 presents a map of the expected ranks of the alternatives for each observed model. Each 

cell shows the average position that a particular alternative occupies during all Monte Carlo 
simulations. It can be seen from Figure 3 that the MARCOS, COPRAS, ARAS and CoCoSo models have 
an almost ideal structure. This means that the perturbations do not lead to significant disturbances 
in the final rank and that the obtained results are stable. With operators OWA, OWG, EWAA and 
HWAA, the results in Figure 3 are different, that is, there is no pronounced dominance of the same 
alternative throughout all simulations. Based on this, we conclude that with operators, perturbations 
more easily change the relative position of alternatives, so the final order is less stable. It should be 
emphasized that Figure 3 does not only show the stability of the first place, but the stability of the 
entire ranking list. Therefore, based on it, it can be concluded that MCDM models are more stable in 
choosing the best alternative.  
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Fig. 4. Pairwise agreement of baseline rankings 
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Figure 4 shows the mutual matching of the base ranks of all considered models, represented by 
the Spearman correlation. On the diagonal in Figure 4 are, as expected, values equal to 1, since each 
model is fully correlated with itself. Also, in Figure 4 it can be seen that MARCOS, COPRAS, ARAS and 
CoCoSo have a complete agreement with each other, i.e. a correlation of 1.00. This means that all 
four methods give the same basic order of alternatives. This finding is very important because it 
confirms that, in a given problem, classical MCDM methods behave practically identically from the 
point of view of final ranking. 

On the other hand, Figure 4 shows that the OWA and OWG models also show complete 
agreement with each other, as do the EWAA and HWAA models. However, the agreement between 
these two groups of operators and classical MCDM methods is weaker. Correlations of about 0.40 
between the MCDM method and the OWA/OWG operator, as well as about 0.60 between the MCDM 
method and the EWAA/HWAA operator. Such results show that the aggregation operators rely on a 
different logic to form the final rank. 

It is particularly interesting that the correlation between OWA/OWG and EWAA/HWAA is equal 
to zero, which indicates a distinctly different ranking structure between these two groups of 
operators. Based on this, it can be concluded that three families of models are clearly distinguished 
in the analyzed problem: classic MCDM methods, OWA/OWG operators, and EWAA/HWAA 
operators. Such results in Figure 4 show that robustness is not the only criterion of difference 
between the models, but that they also differ in the very structure of the base ranking. 
 

 
Fig. 5. MARCOS robustness landscape 

 
Figure 5 presents a three-dimensional representation of the robustness of the MARCOS model 

depending on the changes in the experts' weights. The horizontal axes show the weights 1
w  and 2

w , 

while the vertical axis represents the robustness index of the model. The parameters 1
w  and 2

w  

represent the weights of the first two experts in the group decision-making process. By varying these 
weights, different scenarios are simulated in which the relative importance of these two experts 
changes compared to the others. In doing so, the remaining weights of the experts are automatically 
adjusted and renormalized so that the sum of all weights remains equal to one. In this way, it was 
analyzed how changes in the structure of expert weights affect the stability of the final ranking. 
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From Figure 5, it can be seen that the robustness surface in the largest part of the observed space 
is relatively high and stable. This means that even with significant changes in the weights of the first 
two experts, the MARCOS model in most cases maintains the same or very similar order of 
alternatives. Local indentations on the surface indicate zones of slightly higher sensitivity. However, 
even in those regions, there is no significant disruption of the stability of the ranking. This result 
confirms that the MARCOS model is very robust in relation to changes in experts' weights. Similar 
results are obtained for other MCDM models used in this paper. 

  

 
Fig. 6. Monte Carlo rank-flow diagram (MARCOS) 

 
Figure 6 shows the rank flow for the MARCOS model. The thickness of each link represents the 

probability that a certain alternative, under conditions of Monte Carlo perturbations, will end up in 
a specific ranking position. Based on Figure 6, it can be seen that alternative A1 almost completely 
remains in first place, with a probability of approximately 0.96. Similarly, the alternative A2 remains 
in the second position in the majority of cases, while A3 is most often in the third position, although 
it shows a slightly higher degree of transition to the fourth position. Alternative A4 most often 
remains in the fourth position, but in part of the simulations it also moves to the fifth place. 
Alternative A5 dominantly remains in the fifth position. 

Figure 6 shows that when rank changes occur, they mostly occur between adjacent ranks, while 
large deviations are very rare. Such results prove that the MARCOS model is stable, since 
perturbations do not produce drastic changes in the final order. Similar results were obtained using 
other MCMD models. 

Based on the conducted sensitivity analysis, it can be concluded that the MARCOS, COPRAS, ARAS 
and CoCoSo models showed a high level of robustness under conditions of perturbations of expert 
weights and changes in expert ranks. MARCOS and ARAS stand out in particular, where the 
probability of retaining the first-placed alternative is the highest, while at the same time maintaining 
a very high correlation with the base rank. COPRAS and CoCoSo also show very stable behavior, 
although a slightly higher sensitivity is present in CoCoSo. 

On the other hand, the operators OWA, OWG, EWAA and HWAA show a significantly lower 
degree of robustness. Their ranks are more subject to change. The expected ranks of the alternatives 
are less clearly separated, and the probability of retaining the top-ranked alternative is significantly 
lower. This indicates that these operators are more sensitive to changes in input parameters and give 
less stable results in the context of aggregation of expert ranks. 
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Additionally, the mutual agreement analysis showed that three clearly differentiated groups of 
methods can be distinguished in the observed problem: classical MCDM methods, OWA/OWG 
operators and EWAA/HWAA operators. This structure confirms that the choice of method does not 
only affect the degree of robustness, but also the very logic of forming the final ranking. Overall, the 
performed sensitivity analysis confirms that classic MCDM methods, and especially the MARCOS 
model, are very reliable for the problem of aggregation of expert ranks, because they maintain a 
stable and consistent order of alternatives even in conditions of pronounced input uncertainty. 
 
5. Conclusions 

Based on the conducted research with five experts and five criteria, it was shown that classic 
MCDM methods (MARCOS, COPRAS, ARAS, CoCoSo) give identical ranks as advanced operators 
(EWAA, HWAA, OWA, OWG). This confirms the mathematical consistency and validity of the 
approach, because the results match regardless of the methodology. The advantage of classic MCDM 
methods is that they immediately generate final ranks, while operators give decimal values that 
require additional interpretation, so the process is simpler and more practical to apply. 

This concept has proven to be universally applicable, as it can be used with any MCDM method 
and naturally includes expert weight coefficients, thus realistically modeling their competence. In this 
way, a bridge between traditional operators and modern MCDM methods is realized, with a clear 
advantage in interpretation, flexibility and practical use. This confirmed the initial hypothesis that 
classic MCDM methods can successfully replace complex operators, while preserving the validity of 
the results and facilitating interpretation. 

Based on the conducted Monte Carlo sensitivity analysis, it can be concluded that classic MCDM 
methods show a high level of robustness and reliability in conditions of perturbations of expert 
weights and changes in expert ranks. Their results remain stable and consistent, with a high 
probability of retaining the top-ranked alternative and a strong correlation with the base rank. In 
contrast, the OWA, OWG, EWAA, and HWAA operators show significantly lower stability and greater 
susceptibility to change, indicating their limited applicability in the context of expert rank 
aggregation. The conducted analysis clearly confirms that the choice of method does not only affect 
the degree of robustness, but also the very logic of ranking formation, whereby classic MCDM 
methods stand out as the most reliable approach for decision-making in conditions of uncertainty. 

This paper represents a contribution to the literature in the field of group decision-making and 
opens up space for further research, especially in combination with theories that handle imprecision 
and uncertainty well and hybrid MCDM models. 
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