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Multi-Criteria Decision Analysis (MCDA) addresses complex decision-makingproblems across various fields such as logistics, management, medicine, and sus-tainability. MCDA tools provide a structured approach to evaluating decisionswith multiple conflicting criteria, assisting decision-makers in navigating intricatescenarios. Engaging experts is crucial for identifying multi-criteria models due tothe diverse aspects of decision-making problems. Techniques such as pairwisecomparisons and criterion weight assignment are commonly used to incorporateexpert knowledge into decision models. Criterion weight assignment allows ex-perts to indicate the importance of each criterion; however, issues can arise ifmodel parameters are lost or experts become unavailable. To mitigate these is-sues, techniques like entropy or standard deviation can determine weights with-out direct expert input. In this context, the Stochastic Identification of Weights(SITW) method utilizes existing assessment samples to re-identify models andobtain weights that replicate the rankings of a reference model. This studycompares information-based methods (Entropy, STD) with the SITW method inre-identifying the TRI medical function as a benchmark. The effectiveness ofthese methods is evaluated using Spearman’s weighted correlation coefficientacross various scenarios and alternative numbers. Results indicate that the SITWmethod providesmore significant results than othermethods in identifyingmulti-criteria weights by leveraging previously evaluated alternatives. Future researchcould explore broader approaches and uncertainty scenarios to ensure compre-hensive decision support in complex contexts.Keywords:Criteria weights; TOPSIS; MCDA;MCDM; SITW

1. Introduction

Multi-Criteria Decision Analysis (MCDA) is a research area that focuses on the practical solution ofcomplex decision-making problems, which is common in diverse fields such as logistics [1, 2], manage-
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ment [3, 4], medicine [5, 6], and sustainability [7, 8]. MCDA tools are used to support the decision-making process in situations where there are multiple conflicting criteria, challenging traditional ana-lytical methods. MCDA tools offer a structured and systematic way to analyze decisions, consideringthe diversity of criteria and decision makers’ preferences.In multi-criteria decision analysis issues, complex decision-making problems often require the in-volvement of experts. Their participation is essential in identifying multi-criteria models due to thediversity of decision-making aspects [5, 9]. Various methods of expressing their knowledge are usedto extrude the expert’s knowledge into the decision model, which can be applied depending on thecontext of the problem. One popular approach is pairwise comparisons of reference points, whichallow relative evaluation of alternative features [10].However, criterion weights are the most classic method of transferring expert knowledge in thecontext of multi-criteria decision analysis [11, 12]. This technique involves assigning each criterion aweight that reflects its importance in the context of the decision to be made. Experts can determinethese weights, assess their experience, and analyze the data.Once an expert has developed an identifiedmodel, potential problemsmay be associatedwith lossof model parameters or lack of expert availability. This is especially true in long-term projects or situa-tions where the expert may be unavailable for various reasons, such as time constraints, employmentchange, or other commitments. In order to address the problem of lack of expert knowledge [13],techniques are being used to determine weights based on measures of information that allow criteriaweights to be determined objectively without involving an expert in each stage of the analysis. Onesuch technique is the determination of criterion weights using entropy or standard deviation [14].However, methods based on measures of information mainly focus on analyzing input data. Insome cases, it may be beneficial to use assessment samples that are already available to optimizethe model. This raises the possibility of Stochastic Identification of Weights (SITW) [15], an innovativeapproach that uses the underlyingmechanismof the selectedMCDA technique and optimization tech-niques to select criteria weights to achieve rankings as close as possible to samples that have alreadybeen evaluated.Therefore, this study compares information-based methods, such as Entropy and STD, with theStochastic Identification of Weight (SITW) method in re-identifying TRI medical functions. The studyaimed to evaluate the effectiveness of these methods under different scenarios, considering differentnumbers of alternatives. The medical function of TRI was adopted as a benchmark, allowing for acomparison of results and identifying the best strategies. The study was conducted for different num-bers of alternatives to understand in which cases the methods are more beneficial and effective. Tothis end, Spearman’s weighted correlation coefficient (rw) was used to compare the similarity of therankings generated by each method.The rest of the article is organized as follows. Section 2 presents preliminaries related to themeth-ods that were used in the study. Section 3 presents the research, the results obtained from it, andanalyses of the results. Section 4 presents the conclusions.
2. Preliminaries

2.1 Technique for Order Preference by Similarity to an Ideal Solution

The Technique for Order Preference by Similarity to an Ideal Solution (TOPSIS) functions within astructured framework revolving around reference points, employing a logical approach to assess alter-natives [16, 17]. At the core of this method lie two critical reference points: the Positive Ideal Solution(PIS) and the Negative Ideal Solution (NIS). TOPSIS executes the evaluation process by gauging theproximity of alternatives to these reference points. The entire procedure of TOPSIS can be delineated
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as follows, encompassing several key steps:
Step 1. Normalize the decision matrix by using min-max normalization. The values of benefit typecriteria are normalized using the Eq. (1), while the values of cost type criteria are normalized using theEq. (2).

rij =
xij −min(xj)

max(xj)−min(xj)
(1)

rij =
max(xj)− xij

max(xj)−min(xj)
(2)

Step 2. Calculation of a weighted normalized decision matrix by Eq. (3):
vij = wi · rij, i = 1, . . . , n j = 1, . . . , J (3)
Step 3. Identification of the Positive and Negative Ideal Solutions for a defined decision-making prob-lem with Eq. (4):
v+j = {v+1 , v+2 , . . . , v+n } = {max

j
(vij)}

v−j = {v−1 , v−2 , . . . , v−n } = {min
j
(vij)}

(4)

where IP stands for profit type criteria and IC for cost type.
Step 4. Calculation of the Positive and Negative Distances using the n-dimensional Euclidean distancewith Eq. (5):

D∗
j =

√∑n
i=1 (vij − v∗i )

2, j = 1, . . . , J

D−
j =

√∑n
i=1

(
vij − v−i

)2
, j = 1, . . . , J

(5)
Step 5. Calculation of the relative closeness to the Ideal Solution by Eq. (6):

C∗
j =

D−
j

(D∗
j+D−

j )
, j = 1, . . . , J (6)

2.2 Entropy weights

The entropy weighting approach derives from Shannon’s information uncertainty measure, offer-ing benefits such as risk reduction and efficiency enhancement [14]. The methodology of entropyweights can be outlined through the following steps:
Step 1. Normalization of the decision matrixX = xij; i = 1, 2, . . . ,m; j = 1, 2, . . . , n, wherem isthe number of alternatives, n is the number of criteria. This normalization can be represented by theEq. (7).

pij =
xij∑m
i=1 xij

i = 1, . . . ,m; j = 1, . . . , n (7)
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Step 2. Calculation of the entropy measure Ej for each criterion according to the Eq. (8).

Ej = −
∑m

i=1 pij ln (pij)

ln(m)
j = 1, . . . , n (8)

Step 3. Derive weights based on the calculated entropy for each criterion by Eq. (9).

wj =
1− Ej∑n

i=1 (1− Ei)
j = 1, . . . , n (9)

2.3 Standard deviation weights

The standard deviationweightingmethod is basedon the statisticalmeasure of standard deviation.It assigns small weights to a criterion that has similar values across variants [14]. This method can bepresented in two steps:
Step 1. Calculate the standard deviation measure for all criteria according to the Eq. (10).

σj =

√∑m
i=1 (xij − xj)

2

m
j = 1, . . . , n (10)

where xij is the value from the decision matrix for i− th alternative and j − th criterion.
Step 2. Derive the weights based on the values of the standard deviation measure with Eq. (11).

wj =
σj∑n
j=1 σj

j = 1, . . . , n (11)
2.4 Stochastic IdenTification of Weights

This section will introduce a method for re-identifying weights called Stochastic Identification ofWeights (SITW), employing a stochastic optimization technique known as Particle SwarmOptimization(PSO). The SITW method was initially proposed in the study by [15] as a solution to the challenge oflimited input data availability concerning weights, which are pivotal for many MCDA methodologies.By leveraging stochastic methods tailored for optimization tasks, it becomes feasible to determineoptimal weights facilitating the subsequent re-identification of MCDA models. Within the scope ofthis study, which exclusively concentrates on the PSO approach, the SITW method can be delineatedthrough the following steps:
Step 1. Select a dataset. The dataset should contain criteria vectors (C), a criteria types vector (T ),and a ranking vector (R).
Step 2. Select a stochastic optimization method. In this step, choose a stochastic method for solvingthe optimization problem and select its parameters. In this paper, Particle swarm optimization (PSO)was selected as the stochastic optimization method, whose algorithm can be presented as follows:
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Algorithm 1 Particle Swarm Optimization (PSO)
1: Input: f,N,D, [a, b],max_iterations, w, c1, c22: InitializeX, V, P, Pvalue, G,Gvalue3: for iteration← 1 tomax_iterations do
4: for each particle i do
5: Update velocity and position
6: Clip position to within bounds
7: Evaluate objective function
8: if fi > Pvalue[i] then9: Update personal best
10: end if
11: end for
12: Update global best
13: if convergence_criteria_met() then
14: break
15: end if
16: end for
17: Output: G,Gvalue

Step 3. Model training. Training the model is done using the stochastic optimization algorithm andthe fitness function, which can be represented as follows:
Algorithm 2 Fitness Function
1: procedure Fitness(solutions):
2: solutions← solutions/sum(solutions)
3: preference← base(C, solutions, T )
4: return rw(base.rank(preference), R)
5: end procedure

2.5 Weighted Spearman’s correlation coefficient

The Weighted Spearman’s correlation coefficient (rW ), introduced by [18], builds upon the con-ventional Spearman coefficient by incorporating weights. These weights strategically amplify the in-fluence of ranking changes at the forefront, thereby impacting the final correlation value. This corre-lation computation involves two rankings, each of sizeN , where xi represents the position in the firstranking and yi denotes the position in the second ranking (12). The resulting rW correlation coefficientranges from -1 to 1. A value of one indicates identical rankings, minus one suggests reversed rankings,and zero signifies uncorrelated rankings. By assigning varying degrees of importance to different rank-ing positions, this method offers a nuanced perspective. The rW coefficient is formally defined asEq. (12):
rW = 1− 6·

∑
(xi−yi)

2((n−xi+1)+(n−yi+1))
n·(n3+n2−n−1)

(12)
3. Study case

This research compares objective weighting methods with the Stochastic Identification ofWeights(SITW) technique in the context of identifying multi-criteria decision analysis (MCDA) models. The
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classic MCDA method, known as TOPSIS, was employed to generate rankings for predefined alterna-tives and criterion weights. The MCDAmethods implemented in this investigation were sourced fromthe pymcdm library [19]. Spearman’s weighted correlation coefficient served as a metric to assess thefitting accuracy of the MCDA models. The benchmark function utilized in this study was the Throm-bolysis In Myocardial Infarction Risk Index (TRI), designed to evaluate patients with acute coronaryinsufficiency. The TRI function served as a benchmark to evaluate the effectiveness of various weightselection approaches. The expression for the TRI function is as follows:

TRI =
HR · A2

100 · SBP
(13)

whereA is the patient’s age,HR is the number of heartbeats per minute, and SBP is the systolicblood pressure measured in millimeters of mercury column.For this study, randomly generated sets of alternatives were used for three criteria that corre-sponded to the following parameters of the TRI function, i.e., C1 -HR (heart rate), C2 - A (age), and
C3 - SBP (systolic blood pressure). To determine these sets, criterion intervals are defined as follows:
C1 belongs to the interval [60, 100],C2 belongs to the interval [40, 60], andC3 belongs to the interval[90, 180]. Based on the methodology presented in the paper [20], an example set of 10 alternativeswas generated, shown in the Table 1.

Table 1Example decision matrix for the problem of evaluating patientssuffering from acute coronary insufficiency
Ci A1 A2 A3 A4 A5 A6 A7 A8 A9 A10

C1 98 80 80 72 84 77 71 76 79 94
C2 58 54 58 43 44 56 59 50 54 52
C3 151 131 95 146 91 164 162 171 159 105

For study purposes, the focus will be on examining three weight selection methods: the Entropymethod, the STDmethod, and the Stochastic Identification ofWeights (SITW)method. Since the SITWmethod needs previously evaluated samples for its weighting mechanism, it was decided to use 160randomly generated alternatives, and their evaluations were derived from the TRI function. Since theSITWmethod is based on rankings, the ratings derived from the TRI function were converted to rank-ings. For the SITW method, TOPSIS was used as the base method, while Particle Swarm Optimization(PSO) was used as the optimization method. For the re-identification of the weights, the PSO pa-rameters were set as default settings from the MEALPY library [21]. In contrast, two parameters weremodified, i.e., the number of epochs - 1000 and the number of particles - 100. For the SITW approach,the following weights were identified: w1 = 0.28999945,w2 = 0.36769221 andw3 = 0.34230833. Onthe other hand, the optimization process concerning the course of the fitness function is presented inFigure 1.
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Fig. 1. The learning flow of the SITW method.
Once the criterion weights were obtained using the SITW approach, they were contrasted with theequal weights approach. In this case, the TOPSIS method was used to transfer weights and decisionmatrices to obtain rankings. This study was conducted on 1000 random sets containing {10, 25, 50}alternatives. Spearman’sweighted correlation coefficient (rw) was used to compare the resulting rank-ings from the TOPSIS method and the TRI reference approach.
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Fig. 2. Two-dimensional histogram showingthe distribution of rw coefficient forrankings derived from TOPSIS andEqual and SITW weightingmethods for 10 alternatives
A comparison of reference rankings with the SITW-TOPSIS and TOPSIS approaches for 10 alterna-tives randomly generated 1,000 times is shown in Figure 2. It can be observed that the SITW-TOPSISapproach performs much better than the classical TOPSIS approach with equal weights. The range ofobtained coefficient values rw for the SITW-TOPSIS approach is [0.74, 1.0]. In contrast, the range of

rw coefficient values for the TOPSIS approach with equal weights is [0.49, 1.0]. In contrast, the mostrobust clustering for both studied approaches of the rw coefficient comes from the range [0.87, 1.00].
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Fig. 3. Two-dimensional histogram showingthe distribution of rw coefficient forrankings derived from TOPSIS andEqual and SITW weightingmethods for 25 alternatives
Figure 3 compares reference rankings with the SITW-TOPSIS and TOPSIS approaches for 25 alterna-tives randomly generated 1000 times. A significant improvement in the ranking quality of the TOPSISmethod using equal weights was observed in this analysis. Nevertheless, the SITW-TOPSIS approach
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achieves significantly higher rw coefficient values in cases where TOPSIS using equal weights achievesthem significantly lower. Nevertheless, in most cases, both approaches achieve equally high rw coef-ficient values in the range of 0.96 to 0.98. Notably, most of the rw values obtained are significantlysmaller than those of the 10 alternatives. Nevertheless, the standard deviation for both approachesis also more minor.Figure 4 compares reference rankings with the SITW-TOPSIS and TOPSIS approaches for 50 al-ternatives randomly generated 1,000 times. Both approaches perform very well in two-dimensionalhistogram, identifying TOPSIS models close to reflecting the TRI function. Nevertheless, there is anoticeable trend that the rankings obtained from both approaches decrease as the number of alter-natives increases. It is also worth noting that the highest rw values for the SITW-TOPSIS and TOPSISapproaches with equal weights were obtained from 0.96 to 0.98. However, again, the overall rangeof accepted rw values narrowed for the approaches, where it is 0.97 to 1.0 for SITW-TOPSIS and 0.92to 1.0 for TOPSIS with equal weights.
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Fig. 4. Two-dimensional histogram showingthe distribution of rw coefficient forrankings derived from TOPSIS andEqual and SITW weightingmethods for 50 alternatives
In addition to comparing the classic TOPSIS approach with equal weights and the SITW-TOPIS ap-proach, objective weighting methods were analyzed. As in the previous study, 1000 decision matricescontaining 5, 10, 15, 25, 50 alternatives were randomly drawn. The box plots in Figure 5 compare thecomparison. Analyzing the overall comparison, the SITW-TOPIS approach coped best with the prob-lem of identifying the referencemodel, i.e., TRI. It showed the highest averages for the tested decisionmatrix sizes and fewer outliers than the rest of the tested approaches. Equal weights did equally wellin the case of identifying TOPSIS models that are close in similarity to the reference TRI model. How-ever, for the identification of TOPSIS models using weights based on measures of information, i.e.,Entropy and Standard Deviation, mapping the TRI method could have been more effective. Mostly,the values of both of these approaches clustered for the tested sizes of the number of alternativesaround the value of 0.75 rw, which does not indicate high identification accuracy.Table 2 presents detailed comparative statistics of TOPSIS approaches using different weights withthe reference TRI function. For the Entropy-TOPSIS method, it can be seen that for sets containing25 and 50 alternatives, the values of the rw coefficient oscillate around 0.77 and 0.78, suggestingthe moderate effectiveness of this method in identifying models. However, the standard deviation of
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Fig. 5. Box plots of rank comparisons from the TOPSIS approach with the TRIfunction using the rw coefficient for different sizes of 1000 random setsof alternatives
these values is relatively high, which may indicate some variability in the effectiveness of this methoddepending on the specific dataset. For the SITW-TOPSIS method, on the other hand, we observesignificantly higher values of the rw coefficient, especially for larger datasets. For a dataset containing50 alternatives, the average rw value exceeds 0.99, indicating that this method is highly effective inidentifying models. In addition, the standard deviation for this method is relatively low, suggestingthe stability of its results. Similarly, for the STD-TOPSIS method, the rw values also show an increasingtrend with the increasing number of alternatives, reaching an average value of about 0.70 for a setcontaining 50 alternatives. However, compared to the SITW-TOPSIS method, the average rw valuesare lower, which may indicate that this method is less effective in identifying models.
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Table 2Statistics of comparison of rankings from TOPSIS approaches with TRIfunction using rw coefficient for different sizes of 1000 random setsof alternatives

Method No. of. alts. Mean STD Min Max
Entropy-TOPSIS 5 0.75163 0.26156 -0.90000 1.0000010 0.75526 0.15948 -0.37411 1.0000015 0.76637 0.12638 -0.00424 0.9817025 0.77166 0.09119 0.36429 0.9583150 0.77589 0.06017 0.53423 0.92468
SITW-TOPSIS 5 0.90695 0.13900 -0.25000 1.0000010 0.96456 0.03794 0.77741 1.0000015 0.97658 0.02266 0.71942 1.0000025 0.98586 0.00888 0.92583 0.9986450 0.99112 0.00336 0.97325 0.99773
STD-TOPSIS 5 0.65622 0.32171 -0.90000 1.0000010 0.66751 0.19499 -0.42920 1.0000015 0.68753 0.15510 -0.19933 0.9671925 0.69324 0.11098 0.27544 0.9142050 0.70046 0.07538 0.39946 0.88524
TOPSIS 5 0.87658 0.16781 -0.20000 1.0000010 0.93403 0.06500 0.49421 1.0000015 0.95054 0.03969 0.65134 1.0000025 0.96220 0.02055 0.84139 0.9938850 0.97057 0.01021 0.92437 0.99331

4. Conclusions

A study on the identification of weights in multi-criteria decision analysis (MCDA) models was con-ducted in this benchmark analysis. The TRI function for evaluating patients with acute coronary in-sufficiency was used as the reference model. The evaluated approaches were: TOPSIS (use of equalweights), SITW-TOPSIS, Entropy-TOPSIS, and STD-TOPSIS. The study results indicated that the bestapproach for identifying multi-criteria weights is the SITW-TOPSIS method. It uses information frompreviously evaluated alternatives, which allows better matching of weights compared to approachesbased on measures of information. The analysis confirmed the high performance of the SITW-TOPSISmethod and the moderate performance of the Entropy-TOPSIS and STD-TOPSIS methods.Future research would need to focus around a broader analysis of selected approaches with dif-ferent reference models. In this case, the Fuzzy Reference Model or other benchmark functions couldbe used. In addition, this study would need to be expanded to include cases with uncertainty.
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