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Abstract. Weighting of criteria is a critical step in multi-criteria deci-
sion analysis (MCDA), yet the usefulness of a weighting method should
be assessed in terms of decision reliability rather than only numerical
accuracy. This study investigates the decision-level consequences of the
statistical refinement introduced by the RANCOM-ST weighting proce-
dure in comparison with the original RANCOM method. A large-scale
Monte Carlo simulation framework is employed, systematically varying
the number of criteria, expert judgment error, and the aggregation model
(SAW and TOPSIS). The analysis focuses on the ability to correctly
identify the best alternative, shortlist consistency, and full ranking simi-
larity, complemented by a decision transition analysis that measures re-
paired and deteriorated decisions. The results show that RANCOM-ST
significantly improves the probability of selecting the correct alternative,
particularly under higher expert noise, while rarely degrading already
correct decisions. However, the magnitude and stability of improvement
depend on the aggregation model, with more predictable gains under
linear aggregation. The findings clarify the relationship between weight
accuracy and decision reliability and indicate conditions under which
statistical weight correction is beneficial.
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1 Introduction

Decision-support methods are commonly evaluated in terms of how accurately
they estimate model parameters; however, in practical applications the primary
objective is not parameter recovery but decision reliability. In Multi-Criteria
Decision Analysis (MCDA), the final outcome of the process is the ranking of
alternatives or the selection of a single preferred option [3]. Consequently, even
small changes in model inputs may or may not alter the decision itself. From a
decision-maker’s perspective, a weighting procedure is useful only if it leads to
stable and reliable choices rather than merely numerically accurate parameters.
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A key source of variability in MCDA arises from the elicitation of criteria
importance. When preferences are derived from expert judgments, uncertainty,
hesitation, and cognitive bias inevitably affect the obtained weights [2]. Previ-
ous studies have shown that experts are often consistent in general preference
structure but imprecise in fine distinctions between similarly important criteria.
As a result, weighting errors do not always translate proportionally into ranking
errors: in some cases the best alternative remains unchanged, while in others
minor perturbations may alter the decision outcome [7].

The RANking COMparison (RANCOM) method was proposed as a simple
subjective weighting approach based on ordinal comparisons between criteria [g].
Instead of relying on precise numerical assessments, it derives weights from com-
parative preference information, which reduces sensitivity to small judgment
inconsistencies. Due to its computational simplicity and robustness to minor
inconsistencies, the method has attracted attention as a practical alternative
to more cognitively demanding elicitation procedures. An extension of this ap-
proach, RANCOM-ST, later introduced a statistical correction mechanism that
adjusts the estimated weights using threshold-based feedback [6].

While such corrections are intended to improve the agreement between es-
timated and underlying preferences, improved weight accuracy does not neces-
sarily imply improved decisions. In MCDA, the mapping between weights and
rankings is nonlinear and depends on the aggregation model and the structure
of the decision problem. Therefore, evaluating weighting procedures solely by
comparing weight vectors may be misleading: a method can reduce weight es-
timation error while leaving the selected alternative unchanged, or conversely
alter the decision despite small numerical differences.

The aim of this paper is not to propose a new weighting method but to in-
vestigate the decision-level consequences of the statistical refinement introduced
by RANCOM-ST [6]. Specifically, we analyze whether the correction improves,
preserves, or occasionally degrades the final decision when compared with the
original RANCOM procedure. To enable controlled analysis, a large-scale Monte
Carlo simulation framework is used, allowing systematic variation of the number
of criteria, the level of expert judgment error, and the aggregation model.

The study is guided by the following research questions:

(RQ1) To what extent does the statistical correction introduced by RANCOM-
ST improve the accuracy of identifying the best alternative (Top-1 Hit Rate)
compared to standard RANCOM, and how does this improvement vary with
the number of criteria and the level of expert error?

(RQ2) How does the choice of aggregation method (SAW vs. TOPSIS) medi-
ate the effectiveness of the RANCOM-ST correction, and does the distance-based
nature of TOPSIS amplify or attenuate the benefits of weight refinement relative
to the linear SAW model?

(RQ3) Under what conditions does RANCOM-ST introduce a risk of de-
grading an otherwise correct RANCOM decision, and what is the net trade-off
between rescued and deteriorated rankings across varying problem sizes and
noise levels?
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By addressing these questions, the study provides a methodological assess-
ment of weighting refinement in MCDA and clarifies the relationship between
weight accuracy and decision accuracy. The findings indicate when statistical
correction is beneficial and when it may be unnecessary or potentially detrimen-
tal in decision-support applications.

The remainder of the paper is organized as follows. Section 2 presents the
methodological background. Section 3 describes the simulation framework and
experimental design. Section 4 reports and discusses the results. Finally, Sec-
tion 5 concludes the paper and outlines directions for future research.

2 Methods

This section briefly summarizes the methods required for the experimental eval-
uation: the RANCOM and RANCOM-ST weighting procedures and the SAW
and TOPSIS aggregation models. Only the elements necessary to understand
the experimental protocol are presented, while full methodological details can
be found in the original references.

2.1 RANCOM Weighting Method

The RANking COMparison (RANCOM) method derives criteria weights from
ordinal preference information provided by an expert. Instead of requesting pre-
cise numerical assessments, the decision-maker supplies a ranking of criteria
according to their importance. The method transforms this ranking into a set
of pairwise comparisons and estimates weights by aggregating the comparative
relations.

Let 7 denote a ranking of n criteria, where a lower position index indicates
higher importance. The ranking is converted into a pairwise comparison structure
indicating whether criterion i is preferred to criterion j. For each criterion ¢, the
number of favorable comparisons is counted and normalized:

— Si
22:1 Sk’

where s; denotes the aggregated preference score obtained from the compar-
isons. The normalization ensures

n
i=1

The procedure reduces the cognitive burden on the expert and mitigates the
effect of minor inconsistencies, as small ranking perturbations affect only local
comparison relations rather than the entire weight structure.

w;
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2.2 RANCOM-ST Statistical Refinement

RANCOM-ST extends the original RANCOM procedure by introducing a sta-
tistical refinement step applied after initial weight estimation. The method uses
calibration parameters derived from the distribution of expected estimation er-
TOrs.

Let wl = (wl, ... wl) denote the weights obtained from RANCOM. The
refined weights wST are computed by shifting each component in a direction
indicated by expert feedback:

wiST = wlR +d; - ¢,

where d; € {—1,0,1} represents the suggested direction of change (decrease,
no change, increase) and ¢; is a correction magnitude derived from statistical
thresholds based on the mean pu,, and standard deviation o, of estimation errors.
After correction, weights are truncated to non-negative values and renormalized:

WST max(w$T, 0)
S T max(wT.0)

The intention of the refinement is to compensate systematic bias in ordinal-
based weight estimation without requiring precise numerical judgments from the
expert.

2.3 SAW Aggregation Model

The Simple Additive Weighting (SAW) method evaluates each alternative by a
weighted sum of normalized criterion values. Let D = [d;;] denote the decision
matrix. The score of alternative 4 is

SZ' = zn: wjdij~
j=1

Alternatives are ranked in descending order of S;. Due to its additive struc-
ture, the method translates changes in weights directly into proportional score
changes.

2.4 TOPSIS Aggregation Model

The Technique for Order Preference by Similarity to an Ideal Solution (TOPSIS)
ranks alternatives according to their relative closeness to the ideal and anti-ideal
solutions [I].

The decision matrix is first normalized:

_ dij

A=
D k1 dkj

and weighted:
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Uij = ’LUj’I‘z'j.
The positive and negative ideal solutions are defined as
AT = (maxv;;), A™ = (minwy;).
1 1

Distances to the ideal and anti-ideal points are computed using Euclidean
metrics:

The relative closeness is

%

T Df+ D

and alternatives are ranked in descending order of C;.

3 Experiments

This section presents a Monte Carlo simulation study comparing RANCOM
and RANCOM-ST with respect to their ability to reproduce decision outcomes
implied by the ground-truth model. In particular, we investigate whether the
statistical weight correction affects (i) the identification of the best alternative
(Top-1), (ii) the composition of shortlists (Top-k for k € {3,5}), and (iii) the
overall similarity of alternative rankings under varying numbers of criteria and
different levels of expert error. Monte Carlo simulation has been widely applied
to evaluate the stability and accuracy of MCDA methods under varying problem
configurations [4/9].

3.1 Experimental Setup

Since the ground-truth weights are known by construction, each simulation run
produces a reference ranking that serves as an objective benchmark for evaluat-
ing both methods. The experimental design varies three primary factors:

— Number of criteria: n € {3,4,5,6,7,8,9,10},

— Expert noise level: adjacent swap probability psyaep € {0.10,0.25,0.40}, cor-
responding to low, medium, and high error,

— Aggregation method: SAW (Simple Additive Weighting) and TOPSIS.

For each configuration, T'= 100,000 Monte Carlo repetitions are performed
using m = 10 alternatives. All runs share a fixed random seed to ensure repro-
ducibility. The full factorial design yields 8 x 3 x 2 = 48 experimental configura-
tions and 4,800,000 simulation runs in total.
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Algorithm 1 Simulated Expert Ranking with Noise
Require: True weights w* = (w7, ..., wy,), swap probability pswap
Ensure: Noisy expert ranking 7
1: 7" < argsort(—w™) > Ideal ranking (descending)
2: 7" > Copy
3: fori=1ton—1do
4:
5

a <— ﬁ‘i, b 7AT»;+1
6« |wg — wy|
min(pawap + 0.15, 0.85) if § < 0.05

6: Pegf = Dswap otherwise
T if U(0,1) < pegy then

8: Swap T <> ﬁ'i+1

9: end if

10: end for

11: return 7

3.2 Data Generation Process

Each Monte Carlo iteration constructs a synthetic decision problem consisting
of true criteria weights, a decision matrix, and an imperfect expert ranking.

First, a ground-truth weight vector w* € R" is sampled from a symmet-
ric Dirichlet distribution, w* ~ Dir(c,...,a) with concentration parameter
a = 1.0. This produces a uniform distribution over the probability simplex,
meaning that no particular importance structure is favored a priori. Conse-
quently, the simulation spans a wide range of decision-maker preference struc-
tures, from nearly equal weights to strongly differentiated criteria.

Next, a decision matrix D € R™*™ is generated with entries independently
drawn from the uniform distribution d;; ~ U(0,1). All criteria are treated as
benefit-type attributes (larger values preferred). This controlled setting isolates
the influence of weight estimation errors on the final ranking without introducing
additional effects associated with cost transformations.

Finally, expert judgment errors are introduced at the preference elicitation
stage. The ideal ranking 7* is obtained by sorting criteria in descending order of
their true weights. The observed expert ranking 7 is then generated by stochas-
tic adjacent transpositions, as specified in Algorithm [I] This noise model reflects
bounded rationality: decision-makers are more likely to confuse criteria of similar
importance than criteria with clearly different significance levels, thereby pre-
serving the overall preference structure while introducing local inconsistencies.

3.3 RANCOMS-ST Correction (Oracle Mode)

For each generated expert ranking, criteria weights are first estimated using the
RANCOM method, yielding the weight vector w®. An additional refinement
step may then be applied using the RANCOM-ST statistical correction.

The correction is based on calibration parameters (u,,o,) obtained in Sec-
tion 2] In the oracle feedback mode, the simulated expert perfectly identifies the
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direction of deviation between the estimated and true weights. This configura-
tion provides an upper bound on the achievable performance of RANCOM-ST
and isolates the influence of the correction magnitude from potential feedback
interpretation errors. The correction mechanism is specified in Algorithm

Algorithm 2 RANCOM-ST Weight Correction (Oracle Mode)

Require: RANCOM weights w?, true weights w*, calibration parameters (iin, on)
Ensure: Corrected weights wST
1: wOT « wh
2: for i =1 ton do

> Initialize

3: 8 — w —wi > True deviation
4: if |0;] < 0.001 then

5: continue > No correction needed
6: end if

T d; + sign(é;) > Correction direction
8: if |0;] < pn — 0.50,, then

9: ¢i < max(tn — on, 0) > Low correction
10: else if |§;| < pn + 0.50,, then

11: Ci < ln > Medium correction
12: else

13: Ci & ln +0On > High correction
14: end if
15: wiST — wiST +d; ¢
16: end for
17: w5 < max(w®T, ¢) where e = 107° > Non-negativity
18: wST — wST/||wST||, > Normalize

19: return w°T

The corrected weights are subsequently used in the aggregation stage to
compute the final ranking of alternatives.

3.4 Aggregation Methods

To evaluate how weight refinement affects final decision outcomes, two aggrega-
tion models with different structural properties are considered: SAW and TOP-
SIS (both introduced in Section [2).

SAW represents an additive decision model in which the influence of criteria
weights on the final scores is direct and proportional. Consequently, any change
in the weight vector translates linearly into score changes.

In contrast, TOPSIS determines preferences based on distances to ideal and
anti-ideal solutions in the weighted space. Because the ranking depends on rel-
ative distances rather than a simple weighted sum, weight perturbations propa-
gate through normalization and distance computation.
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3.5 Evaluation Metrics

For each iteration, the ideal ranking R* (computed using the true weights w*)
is compared with the rankings obtained using RANCOM and RANCOM-ST.
Several complementary metrics are employed because different MCDA tasks em-
phasize different decision objectives: selecting a single best alternative, forming
a shortlist, or preserving the overall ranking structure.

Top-1 Hit Rate measures how often the highest-ranked alternative coincides
with the ideal choice,

1R = R,

This metric reflects choice problems, where the decision-maker must select ex-
actly one option.

Top-k Overlap (k € {3,5}) evaluates agreement within the leading subset of
alternatives,

| Top,, (R*) N Top,, (R**)]
k )
corresponding to screening scenarios in which a shortlist of promising candidates
is required.

WS Coefficient [5] measures similarity of the full rankings while assigning
greater importance to higher positions. Unlike Top-k, it evaluates the entire
ordering but still prioritizes top-ranked alternatives.

Mean Rank Distance measures the average positional displacement across
the ranking,

1 m
- Z |pos* (i) — pos™(i)],
i=1

capturing global ranking distortion independently of whether the best alternative
is preserved.
Weight MAE is the mean absolute error between estimated and true weights,

1 n
- Z w§™ — wj].
j=1

3.6 Simulation Procedure

The experiment follows a Monte Carlo protocol in which each iteration represents
an independent decision-making instance. For every configuration of the number
of criteria, noise level, and aggregation model, synthetic decision problems are
repeatedly generated and evaluated using both RANCOM and RANCOM-ST.
The overall performance measures are obtained by aggregating the results over
all repetitions. The procedure is summarized in Algorithm

The reported performance metrics correspond to averages over all Monte
Carlo repetitions for each experimental configuration. Differences between RAN-
COM and RANCOM-ST are evaluated across identical simulation instances,
ensuring paired comparisons under the same decision scenarios.
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Algorithm 3 Monte Carlo Simulation: RANCOM vs RANCOM-ST

Require: Parameter sets N, L, A; iterations T'; alternatives m
Ensure: Aggregated metric results for all configurations

1: foreachn e NV, L€ L, agg € A do
2 fort=1to T do
3 w* ~ Dir(1,...,1) > Sample true weights
4: D~ U(0,1)™*" > Generate decision matrix
5: R* + agg(D,w™) > Ideal ranking
6: 7 < ExpertRanking(w™, p¢) > Alg.
7 MAC <+ RankingToMAC(7#, n)
8: w <~ RANCOM(MAC)
9: wST « RANCOM-ST(w®, w*,n) > Alg.
10: R« agg(D,w?)
11: R5T « agg(D,w"T)
12: Record metrics: Compare(R*, R®) and Compare(R*, R5T)
13: end for
14: end for
4 Results

4.1 SAW Aggregation Model

The results for the additive SAW model are presented in Table[I] Across all ex-
perimental configurations, the statistical refinement consistently improves both
the estimated weights and the resulting decision rankings.

The most immediate effect of the correction appears at the parameter level.
The Weight MAE is substantially reduced for every number of criteria and every
noise level. For instance, for n = 3 under low noise the error decreases from 0.1131
to 0.0355. Similar reductions are observed throughout the table, typically by a
factor of about three. This confirms that the calibration mechanism effectively
moves the RANCOM estimates toward the true weight vector.

More importantly, the improvement in weight estimation translates into im-
proved decision outcomes. The Top-1 hit rate increases in every configuration.
Under low noise, the probability of selecting the optimal alternative rises from
approximately 75-76% for RANCOM to about 86-92% for RANCOM-ST de-
pending on the number of criteria. Even under high noise, where preference
information is strongly distorted, the correction provides a substantial benefit
(e.g., for n = 3 from 63.9% to 82.6%). This indicates that the statistical re-
finement is capable of recovering decision-relevant information even when the
elicited ranking contains considerable local inconsistencies.

A similar pattern is visible for the Top-3 overlap. The composition of the
shortlist becomes significantly more stable, with improvements typically ex-
ceeding 10 percentage points. Since many practical MCDA applications involve
screening rather than strict ranking, this suggests that the correction primarily
enhances the reliability of identifying promising alternatives.

The global ranking similarity, measured by the WS coefficient, also increases
systematically. For small numbers of criteria the improvement is particularly

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:
DOI] 10.1007/978-3-032-29915-4_35 |



https://dx.doi.org/10.1007/978-3-032-29915-4_35
https://dx.doi.org/10.1007/978-3-032-29915-4_35

10 A. Shkurina

strong (e.g., from 0.8617 to 0.9576 for n = 3 under low noise). As the number
of criteria increases, the gain remains positive but gradually decreases. This
behavior reflects a structural property of additive models: when more criteria
are present, individual weight errors have a diluted influence on the aggregated
score because each criterion contributes a smaller portion of the total evaluation.

The magnitude of improvement depends jointly on the noise level and the
number of criteria. The largest gains occur for small n, where inaccuracies in
weights strongly affect the final scores. As n increases, the baseline performance
of RANCOM improves and the relative advantage of RANCOM-ST becomes
smaller. This indicates that decision sensitivity to weight estimation error is
structurally dependent on the dimensionality of the decision problem.

Overall, the results reported in Table[I]demonstrate a monotonic relationship:
reducing the weight estimation error leads to higher decision accuracy. However,
the strength of this relationship is not constant. The benefit of statistical correc-
tion is greatest in low-dimensional problems and remains meaningful even under
substantial expert noise, showing that decision reliability is considerably more
sensitive to weight errors than suggested by weight-level metrics alone.

4.2 TOPSIS Aggregation Model

The results for the TOPSIS aggregation model are reported in Table[2] As in the
additive case, the statistical refinement consistently reduces the weight estima-
tion error and improves all decision-quality metrics. However, the magnitude and
structure of the improvements differ from those observed for the SAW model.

At the parameter level, the behavior remains unchanged. The Weight MAE
is reduced across all configurations by approximately a factor of three, similarly
to the SAW results. For example, for n = 3 under low noise the error decreases
from 0.1134 to 0.0356. This confirms that the calibration step improves weight
estimation independently of the aggregation procedure.

At the decision level, the improvement in the Top-1 hit rate is again sys-
tematic. Under low noise, the probability of selecting the optimal alternative in-
creases from approximately 70-74% for RANCOM to about 84-91% for RANCOM-
ST depending on the number of criteria. Even under high noise, the correction
provides a substantial improvement (e.g., for n = 3 from 59.5% to 80.3%). There-
fore, the statistical correction remains beneficial even when the preference rank-
ing is strongly perturbed.

The Top-3 overlap follows the same pattern, with improvements typically
exceeding 10 percentage points. This indicates that the correction not only affects
the exact ordering but also stabilizes the identification of promising alternatives.

Global ranking similarity measured by the WS coefficient also increases in
every configuration. However, compared to SAW, the absolute WS values are
consistently lower for both methods. This difference reflects the structural prop-
erties of TOPSIS: because rankings depend on distances to ideal and anti-ideal
solutions, perturbations in weights propagate through normalization and dis-
tance computation in a nonlinear manner. Consequently, identical improvements
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Table 1. Decision quality metrics for the SAW aggregation model

Top-1 Hit Rate WS coefficient Weight MAE Top-3 overlap
R ST R ST R ST R ST

low 76.2 92.0 0.8617 0.9576 0.1131 0.0355 84.3  95.0
medium  69.7 87.5 0.8141 0.9275 0.1449 0.0578 79.6  91.7
high  63.9 82.6 0.7662 0.8950 0.1778 0.0824 75.2  88.2
low 76.0 91.5 0.8603 0.9545 0.0847 0.0287 84.0 94.6
medium 70.5 87.5 0.8219 0.9299 0.1036 0.0418 80.1 91.8
high  65.1 83.1 0.7814 0.9006 0.1240 0.0575 76.1  88.5
low 76.0 90.8 0.8585 0.9490 0.0680 0.0257 83.7  93.9
medium 71.2 87.4 0.8287 0.9291 0.0795 0.0335 80.6  91.6
high  66.6 83.5 0.7942 0.9040 0.0931 0.0439 77.2  88.8
low 75.7 89.8 0.8562 0.9427 0.0563 0.0230 83.4  93.1
medium 72.1 87.3 0.8332 0.9271 0.0641 0.0282 81.0 91.2
high  68.0 83.8 0.8048 0.9055 0.0733 0.0351 78.0  88.7
low 75.0 88.7 0.8536 0.9362 0.0482 0.0211 83.0 92.2
medium 72.3 86.6 0.8347 0.9230 0.0537 0.0247 81.1  90.7
high  68.7 83.6 0.8110 0.9043 0.0604 0.0296 78.7 88.6
low 75.2 88.1 0.8523 0.9306 0.0421 0.0195 82.8 91.5
medium 72.3 86.0 0.8354 0.9184 0.0462 0.0222 81.2  90.1
high  69.5 83.3 0.8157 0.9022 0.0513 0.0259 79.1 88.3
low 74.7 87.1 0.8499 0.9249 0.0372 0.0180 82.5 90.8
medium 72.3 85.4 0.8360 0.9148 0.0404 0.0200 81.2  89.7
high  69.5 82.9 0.8181 0.9003 0.0444 0.0230 79.3  88.0
low 74.5 86.5 0.8490 0.9204 0.0333 0.0167 82.5  90.2
medium 72.5 84.6 0.8357 0.9103 0.0358 0.0183 81.1  89.1
10 high 70.0 82.6 0.8201 0.8979 0.0390 0.0206 79.5  87.8

R — original RANCOM weights; ST — statistically refined weights (RANCOM-
ST). Noise levels correspond to adjacent-swap probabilities defined in Sec-

tion B.11

n  Noise

S8 ©©© 000001000 UOTU W W W

in weight accuracy do not translate into equally large improvements in ranking
similarity.

An important observation concerns the effect of the number of criteria. As n
increases, the relative advantage of RANCOM-ST gradually decreases, similarly
to the SAW case, but the decrease is more pronounced. This indicates that
distance-based aggregation attenuates the influence of individual weight errors
more strongly than additive aggregation. In other words, the decision sensitivity
to weight estimation error is model-dependent.

Overall, the results in Table 2] confirm that improving weight estimation ac-
curacy leads to better decision outcomes also in nonlinear aggregation models.
Nevertheless, the relationship is weaker than in the additive case. This demon-
strates that the impact of weight errors on decisions is not universal but depends
on the decision mechanism itself. The statistical correction therefore improves
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Table 2. Decision quality metrics for the TOPSIS aggregation model

Top-1 Hit Rate WS coefficient Weight MAE Top-3 overlap
R ST R ST R ST R ST

low 74.2 91.3 0.8475 0.9546 0.1134 0.0356 83.0 94.8
medium 67.0 86.1 0.7873 0.9189 0.1440 0.0573 77.3  90.9
high  59.5 80.3 0.7237 0.8757 0.1781 0.0827 71.3  86.2
low 73.6 90.8 0.8459 0.9526 0.0849 0.0289 82.6  94.5
medium 67.0 86.2 0.7957 0.9225 0.1034 0.0416 77.5 91.1
high  60.0 80.7 0.7401 0.8834 0.1238 0.0573 72.2  86.8
low 72.9 90.0 0.8429 0.9478 0.0677 0.0255 82.0 93.8
medium 67.5 85.9 0.8009 0.9221 0.0794 0.0334 77.7  90.7
high  61.5 81.0 0.7534 0.8871 0.0928 0.0437 73.0 86.9
low 72.3 88.8 0.8376 0.9401 0.0565 0.0231 81.2  92.8
medium 67.6 85.5 0.8022 0.9185 0.0643 0.0284 77.6  90.3
high  62.4 81.0 0.7630 0.8888 0.0735 0.0353 73.9 87.0
low 72.2 87.9 0.8335 0.9324 0.0481 0.0210 80.6 91.7
medium 67.7 84.8 0.8033 0.9134 0.0537 0.0247 77.7  89.6
high  63.2 80.9 0.7682 0.8876 0.0604 0.0296 74.2  86.6
low 71.1 86.6 0.8269 0.9235 0.0419 0.0193 79.9  90.6
medium 67.7 84.1 0.8022 0.9074 0.0462 0.0222 77.5 88.6
high  63.6 80.6 0.7708 0.8837 0.0511 0.0258 74.2  86.0
low 70.8 85.4 0.8222 0.9148 0.0372 0.0180 79.3 89.4
medium 67.5 83.3 0.8003 0.9005 0.0403 0.0200 77.1  87.8
high  64.1 80.0 0.7734 0.8798 0.0443 0.0228 74.4  85.5
low 70.0 84.3 0.8170 0.9062 0.0335 0.0168 78.7  88.3
medium 67.1 82.2 0.7966 0.8931 0.0358 0.0183 76.6  86.8
10 high 63.9 79.2 0.7732 0.8748 0.0390 0.0205 74.4  84.8

R — original RANCOM weights; ST — statistically refined weights (RANCOM-
ST). Noise levels correspond to adjacent-swap probabilities defined in Sec-

tion B.11

n  Noise

S8 ©©© 000001000 UOTU W W W

decision reliability, but the scale of the improvement is determined jointly by the
level of expert noise and the structural properties of the aggregation model.

4.3 Decision transition analysis

To assess whether the statistical correction improves only average accuracy or
also the reliability of individual decisions, a transition analysis between RAN-
COM and RANCOM-ST was performed. For each Monte Carlo run, the Top-1
alternative selected using RANCOM was compared with the alternative obtained
after applying the RANCOM-ST correction. Three outcomes were distinguished:
(1) the decision remained unchanged, (ii) an incorrect decision produced by RAN-
COM became correct after correction (rescued decision), and (iii) a previously
correct RANCOM decision became incorrect after correction (deteriorated deci-
sion).
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Table 3. Decision transitions between RANCOM and RANCOM-ST

Aggregation Noise RANCOM error rate Rescued decisions Deteriorated decisions

SAW Low 24.7% 59.8% 1.2%
SAW Medium 28.4% 55.2% 1.1%
SAW High 32.2% 50.4% 1.1%
TOPSIS Low 27.8% 60.6% 1.4%
TOPSIS Medium 32.6% 56.3% 1.3%
TOPSIS High 37.6% 50.6% 1.4%

Table [3| presents aggregated results for both aggregation models and all noise
levels. A pronounced asymmetry between improvement and degradation can
be observed. Across all conditions, RANCOM-ST repairs a substantial portion
of erroneous RANCOM decisions, while only rarely deteriorating correct ones.
Depending on the noise level, approximately 45%—70% of incorrect decisions are
corrected, whereas only about 1%-2% of correct decisions become incorrect after
the correction.

These results indicate that the statistical correction behaves as a conserva-
tive refinement rather than an aggressive modification of the decision model.
The correction frequently improves incorrect outcomes but only exceptionally
disrupts already correct decisions.

A systematic influence of the number of criteria is also observed. As the
number of criteria increases, the fraction of rescued decisions gradually decreases.
This behavior is consistent with the mechanism of the method: with a larger
number of criteria, individual weights become smaller and closer to each other,
reducing the relative impact of a threshold-based adjustment. At the same time,
the deterioration rate remains nearly constant, indicating stable behavior of the
correction.

A difference between aggregation models can also be identified. The dete-
rioration rate is consistently higher for TOPSIS than for SAW, although the
fraction of rescued decisions remains comparable. This is explained by the struc-
tural properties of the models. SAW is linear with respect to the weights, so local
weight corrections produce proportional score changes. In contrast, TOPSIS is
distance-based, and weight changes also affect the positions of the ideal and anti-
ideal solutions, which may induce a cascade effect in the ranking. Consequently,
the correction acts as a stable refinement under linear aggregation but as a more
sensitive intervention under distance-based aggregation.

5 Discussion and Conclusions

This paper investigated the decision-level effects of the statistical refinement
introduced by the RANCOM-ST procedure. Instead of evaluating the method
solely in terms of weight estimation accuracy, the study focused on its influ-
ence on final decision outcomes, including the identification of the best alterna-
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tive, shortlist stability, and overall ranking similarity. A large-scale Monte Carlo
framework enabled controlled analysis across different numbers of criteria, levels
of expert judgment error, and aggregation models.

The results show that the statistical correction generally improves decision
performance, but its effectiveness is strongly context-dependent. With respect
to RQ1, RANCOM-ST increases the Top-1 Hit Rate compared to the original
RANCOM method, particularly for problems with a small number of criteria.
In such cases, the applied correction represents a substantial portion of the
weight magnitude and therefore meaningfully affects the ranking. For larger
numbers of criteria, where weights are smaller and closer to each other, the
relative influence of the correction decreases. The benefit of the correction grows
with increasing expert noise: when expert judgments are already accurate, the
original RANCOM performs well and the potential for improvement is limited,
whereas under higher uncertainty the correction becomes more valuable.

Regarding RQ2, the aggregation model significantly mediates the effect of
weight refinement. In the additive SAW model, weight errors translate directly
and proportionally into score deviations; therefore, improvements in weights con-
sistently lead to improved rankings. In contrast, TOPSIS exhibits more complex
behavior. Due to the distance-based evaluation in the normalized space, small
perturbations of weights may be absorbed, leading to greater robustness to minor
inaccuracies. However, larger deviations can alter the relative positions of the
ideal and anti-ideal solutions, causing non-local ranking changes. Consequently,
RANCOMS-ST produces more predictable and stable improvements when used
with SAW, while in TOPSIS the effect is less regular but can be substantial
under higher levels of noise.

In relation to RQ3, the correction mechanism introduces a measurable risk
of deteriorating decisions. Because RANCOM-ST adjusts weights by a fixed
statistically derived magnitude rather than the true individual error, a weight
that is already close to the correct value may be shifted away from it. Such cases
occur particularly when the expert input contains little noise or when the number
of criteria is large and weights are relatively small. Nevertheless, the overall
balance remains positive: the number of corrected (“rescued”) decisions exceeds
the number of degraded ones. This is expected, as the statistical thresholds are
calibrated to the average population error rather than to individual instances.

Overall, the study demonstrates that improving weight estimates does not
automatically guarantee improved decisions, but statistical refinement can in-
crease decision reliability under appropriate conditions. The RANCOM-ST cor-
rection is most beneficial in problems characterized by moderate or high expert
uncertainty and a limited number of criteria, whereas in low-noise settings its
application may be unnecessary and occasionally detrimental.

The present work has several limitations. The analysis was conducted us-
ing synthetic decision problems with benefit-type criteria and simulated expert
behavior. Although this approach enables controlled evaluation, real decision
environments may involve heterogeneous criteria types and more complex cogni-
tive effects. Future research should therefore include empirical case studies with
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human decision-makers and investigate adaptive correction magnitudes that de-
pend on estimated uncertainty rather than fixed statistical thresholds.

In summary, this paper provides a methodological assessment of weighting
refinement in MCDA and clarifies the relationship between weight accuracy and
decision accuracy. The findings contribute practical guidance on when statistical
correction should be applied and highlight the importance of evaluating decision-
support methods at the level of decisions rather than parameters alone.
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