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ABSTRACT

Determining criteria weights is significant in multi-objective optimization, particularly in Multi-Criteria
Decision-Making (MCDM) problems. This study introduces a novel criteria weighting approach, the
Aggregated Weighting (AW) method, which integrates three widely used subjective weighting techniques:
Rank Reciprocal (RR), Rank Sum (RS), and Rank Order Centroid (ROC). Its effectiveness is
demonstrated through three case studies, including two synthetic examples and one real-world application
involving the evaluation of wood milling machines. The results show that the AW method consistently
produces rankings that reflect a balanced consensus compared to those obtained using the individual
component methods (RR, RS, and ROC). Therefore, the AW method offers a practical and reliable
framework for supporting group decision-making when different preferences exist regarding the choice of

35154

weighting technique.
Keywords-AW method; weight method; MCDM

I.  INTRODUCTION

Multi-Criteria Decision-Making (MCDM) is used to rank
alternatives in order to identify the most suitable option and
eliminate inferior ones, with applications spanning numerous
fields [1]. Within MCDM, the final ranking of alternatives is
strongly influenced by the method used to determine criteria
weights [2]. These weights represent the relative importance of
each criterion and can be derived using either objective or
subjective approaches [3]. A variety of objective weighting
methods have been developed, including Entropy [4],
LOPCOW [5], SPC [6], SD [7], MEREC [8], CRITIC [9],
LOGSTA [10], SITDE [11], CRISUS [12], and LODECI [13].

Despite their widespread use, objective methods have a key
limitation: they do not account for the decision-maker’s
preferences regarding the importance of criteria, which may
lead to less satisfactory decision outcomes [14]. Moreover,
different objective methods can yield inconsistent or even
conflicting weight values, where the same criterion may
receive a high weight under one method and a low weight
under another [15].

Conversely, subjective weighting methods calculate
weights based on user opinions regarding importance, ensuring
the ranking aligns with expectations [16]. Subjective weighting
methods were evaluated in [17]. However, the existence of
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multiple subjective methods poses a challenge in reaching
consensus, as different users may prefer different methods,
with each method generating distinct weight values, thus
affecting the final ranking [18]. The PIPRECIA subjective
weighting method evaluates the relative importance of criteria
through pairwise comparisons against the preceding criterion,
thereby calculating intermediate coefficients to determine the
final weights [19]. However, the final results depend heavily on
the selection and evaluation of the initial reference criterion. If
the decision-maker lacks a comprehensive overview from the
outset, the weight structure may misrepresent objective reality.
The AHP (subjective) weighting method performs pairwise
comparisons to assess the relative importance between
elements, from which criteria weights are calculated [20].
Nevertheless, this method has a limitation: as the number of
criteria increases, the pairwise comparison matrix becomes
overly complex, making it difficult to ensure consistency and
computational efficiency. Additionally, this method requires
high implementation costs and is prone to conflicts between
expert opinions due to the inherent subjectivity of the
evaluations. The FUCOM subjective weighting method also
ranks criteria by importance, followed by pairwise comparisons
between adjacent criteria in the ranking to determine relative
priority coefficients [21]. Yet, this method is limited by the fact
that the results depend significantly on the expert's subjectivity
during the initial ranking and evaluation steps. Furthermore,
solving the non-linear optimization model to find the weights
may require specialized computational software. The LMAW
subjective weighting method employs a logarithmic scale to
process expert opinions [22]. A drawback of this method is the
relatively complex calculation process involving multiple
intermediate steps and the requirement to establish stability
parameters. Moreover, selecting an appropriate logarithmic
base still depends on the researcher's subjective decision, which
can affect the results if not correctly configured.

The application of many weighting methods is often
hindered by computational complexity and the increasing risk
of inconsistency as the number of criteria grows. In addition,
their implementation may require specialized software to solve
optimization models or manage complex intermediate steps.
These limitations pose challenges, particularly in time-sensitive
decision-making contexts or for practitioners with limited
expertise in mathematics and programming. Among subjective
approaches, three widely used methods in MCDM are Rank
Reciprocal (RR), Rank Sum (RS), and Rank Order Centroid
(ROC). A significant advantage shared by these methods is
their simplicity, as each relies on a single formula to compute
criteria weights based solely on the ranking order of criteria
[23]. However, due to differences in their underlying
formulations, these methods can produce significantly different
weight distributions for the same set of criteria [23]. This
creates a practical challenge: when multiple stakeholders adopt
different methods (e.g., RR, RS, or ROC), achieving consensus
on the final ranking becomes difficult. To address this issue,
this study proposes a synthesized weighting approach, namely
the AW method, which integrates RR, RS, and ROC. This
approach aligns with the view that relying on a single
weighting method may not adequately capture the true
importance of criteria, as no method has been proven

universally optimal [24]. Instead, combining multiple methods
is expected to improve the robustness and reliability of decision
outcomes [24]. Rather than positioning AW as a superior
alternative, this study presents it as a consensus-oriented
compromise solution. It is particularly suited to decision-
making contexts in which experts agree on the ranking of
criteria but differ in their preferred ordinal weighting technique
(RR, RS, or ROC).

II. THE AW METHOD

Assume that surveyed experts consistently identify the
priority order of criteria but disagree on the subjective
weighting method to apply. Suppose among the methods
surveyed, some select RS, some RR, and others ROC. AW is
designed to aggregate these three methods. Therefore, the
formulas for the component methods must be first presented.

Let n be the number of criteria and & be the priority rank of
criterion k. The weights for criterion k according to RR, RS,
and ROC are presented in [23]:

_ 2(n+1-k)
Wk'RR - nn+1) (1)
1
Wirs = =t ©)
k,RS 2;1_11'
=1j
1anl
Wi roc = ;ZZ; 3

After calculating the criteria weights using the RR, RS, and
ROC methods, the next step is to aggregate these values into a
single set of final weights through the proposed AW method. A
common aggregation approach assigns priority coefficients to
each component method, giving higher weights to the preferred
methods and lower weights to the less preferred ones [25-27].
However, this approach is inherently subjective, as the
selection of coefficients depends on individual preferences,
potentially introducing bias and undermining fairness among
the methods. To address this limitation, the present study
adopts the geometric mean, as defined in (4), to combine the
weights obtained from the three methods. This aggregation
technique treats all component methods equally, thereby
ensuring a fair and unbiased integration, particularly in
situations where decision-makers rely on different weighting
approaches.

— 3 .
Vieaw = 3/Wi,rr-Wk.rs * Wk,roC 4

The weight of criterion k represents the weight determined
by the AW method and is calculated using:

Vi,aw
w, = 5
k,AW Zﬁ:lvk,AW ( )
IlI. EVALUATING THE EFFECTIVENESS OF THE AW
METHOD

A. lllustrative Example 1

Consider a decision-making problem involving the ranking
of 14 alternatives, denoted as Al-Al4. Each alternative is
evaluated based on six criteria (C1-C6), of which the first four
are benefit criteria (Type B, where higher values are preferred)
and the remaining two are cost criteria (Type C, where lower
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values are preferred). The dataset used in this example is
presented in Table .

TABLE L.

Alt. | C1 | C2 | C3 | C4 Cs Cé6
Al 7.6 | 46 18 | 390 | 0.1 11
A2 55 | 32 | 21 | 360 | 0.05 11
A3 53 | 32 | 21 | 290 | 0.05 11
A4 57 | 37 19 | 270 | 0.05 9
A5 42 | 38 19 | 240 | 0.1 8
A6 | 44 | 38 19 | 260 | 0.1 8

5

6

6

DATA FOR EXAMPLE 1

A7 39 | 42 16 | 270 0.1

A8 79 | 44 20 | 400 | 0.05

A9 81 | 44 20 | 380 | 0.05
Al10 | 45 | 46 18 | 320 0.1 7
All | 57 | 48 20 | 320 | 0.05 11
Al2 | 52 | 48 20 | 310 | 0.05 11
Al3 | 7.1 | 49 19 | 280 0.1 12
Al4 | 69 | 50 16 | 250 | 0.05 10

Suppose all experts consistently prioritize the criteria in the
following order: C1 > C2 > C3 > C4 > C5 > C6. This
represents a specific scenario, designated as Scenario S1.
Further scenarios will be investigated in the subsequent
sensitivity analysis section of this paper. The calculation of
weights for each criterion is performed as:

e For the RR method, applying (1), the weight of criterion C1
is 2x(6+1-1)/(6x(6+1)) = 0.4082, and the weight of
criterion C2 is 2x(6+1-2)/(6x(6+1)) = 0.2041. Following
the same procedure, the weights for criteria C3, C4, C5, and
C6 are 0.1361, 0.1020, 0.0816, and 0.0680, respectively.

e For the RS method, applying (2), the weight of criterion C1
is (1/D/(1/1+172+1/3+1/4+1/5+1/6) = 0.2857;, and the
weight of criterion C2 is (1/2)/(1/1+1/2+1/3+1/4+1/5+1/6)
=0.2381. Similarly, the weights for criteria C3, C4, CS5, and
C6 are 0.1905, 0.1429, 0.0952, and 0.0476, respectively.

e For the ROC method, applying (3), the weight of criterion
Cl1 is (1/6)x(1/1+1/2+1/3+1/4+1/5+1/6) = 0.4083, and the
weight of criterion C2 is (1/6)x(1/2+1/3+1/4+1/5+1/6) =
0.2417. Likewise, the weights for criteria C3, C4, C5, and
C6 are 0.1583, 0.1028, 0.0611, and 0.0278, respectively.

e Applying (4), the geometric mean for C1 is calculated as
(0.4082x0.2857x0.4083)!* = 0.3625. By following the
same steps, the geometric mean values for criteria C2-C6
are determined as 0.2273, 0.1601, 0.1144, 0.0780, and
0.0448, respectively.

e Applying (5), the weight of C1 using the AW method is
0.3625/(0.3625+0.22734+0.1601+0.1144+0.0780 + 0.0448)
= 0.3672. The weights for the remaining criteria from C2 to
C6, using the AW method, are calculated similarly. All
calculated results are summarized in Table II.

TABLEIL  CRITERIA WEIGHTS IN EXAMPLE 1
Weight | 2 3 c4 cs C6 |max/min
method

RR | 04082 0.2041 | 0.1361 | 0.1020 | 0.0816 | 0.0680| 6

RS | 0.2857 | 0.2381 | 0.1905 | 0.1429 | 0.0952 | 0.0476 | 6

ROC | 0.4083 | 0.2417 | 0.1583 | 0.1028 | 0.0611 | 0.0278 | 14.7
AW | 0.3672 ] 0.2303 | 0.1622 | 0.1159] 0.079 | 0.0454| 8.09

Based on Table II, the ratio between the maximum weight
(C1) and the minimum weight (C6) for both RS and RR
methods is identical and equal to the number of criteria (i.e., 6).
In contrast, this ratio reaches its peak with the ROC method,
while the AW method yields an intermediate value. This
variance stems from the distinct weight distribution logic
inherent in the mathematical formulations of each method.
However, these discrepancies raise a significant question: Is the
AW method truly effective in weight determination? A
weighting method is considered effective if it maintains high
rank stability for alternatives when integrated into various
MCDM frameworks. To validate the utility of the AW method,
this study employs five MCDM techniques to rank the
alternatives: FUCA, SAW, PIV, ROV, and RAM. Figures 1-5
present the rankings of the alternatives using FUCA, SAW,
PIV, ROV, and RAM, respectively. Rankings are generated
using weights derived from four methods: AW, RR, RS, and

ROC.
.HIH

A2 A3 A4 AS A6

15
12

HAW RS ROC

A7 A8 A0 AJO All Al2 AL3 Al4

Fig. 1. Ranking of alternatives in example 1 using the FUCA method.

The results of the FUCA method are illustrated in Figure 1.
It is observed that alternatives A2, A6, A7, A8, A9, A10, and
A11 maintain perfectly consistent rankings regardless of which
weighting method is applied. Other alternatives exhibit
negligible fluctuations. For instance, A1 consistently ranks 4/ th
under the AW, RR, and ROC weights, only shifting to 5*th
when ROC is applied (Note: if there is a discrepancy in your
original text regarding ROC/RS, please double-check; here I
translated as written). Similarly, A3 holds the 10th position
under AW, RR, and ROC, while placing 9th under the RS
method. The remaining alternatives also show high stability,
typically maintaining the same rank in 3 out of 4 cases with
only minor deviations in the last case. Consequently,
preliminary findings suggest that when utilizing FUCA, the
AW method yields results that are highly compatible with the
RR, RS, and ROC methods.

15

A2 A3 A4 AS A6 AT

AW ROC

A8 A9 AID All AlI2 Al3 Al4

W

Fig. 2. Ranking of alternatives in example 1 using the SAW method.
In the case of the SAW method, as depicted in Figure 2,
alternatives Al, A3, A6, A10, and A12 demonstrate total rank
consistency across all four weighting scenarios. Other
alternatives show minimal shifts; for example, A2 ranks 8th
using AW, RS, and ROC, but drops to 9th with RR weights.
Other alternatives follow a similar pattern of stability in at least
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3 out of 4 instances. Thus, it can be initially inferred that the
AW method produces alternative rankings that are highly
compatible with RR, RS, and ROC when paired with the SAW
ranking algorithm.

15

12 EAW ERR ROC
g o
2 6
: i
0 | ERRS
Al A2 A3 Ad A5 A6 AT A8 A9 AIO All Al2 AI3 Al4
Fig. 3. Ranking of alternatives in example 1 using the PIV method.

The PIV ranking results, as shown in Figure 3, also reveal
consistent positioning for several alternatives, specifically Al,
A3, A6, A8, A9, Al0, Al2, and Al4. The remaining
alternatives demonstrate high stability with only slight
variations between weight sets. This alignment further supports
the premise that the AW method produces results that are
highly compatible with RR, RS, and ROC, effectively serving
as a balanced compromise among these ordinal weighting
techniques within the PIV framework.

15

12 RS HROC
El
2 6
: W
0

A2 A3 A4 AS A6 AT A8 A9 AlO0 All Al2 Al3 Al4

EAW ERR

o

Fig. 4. Ranking of alternatives in example 1 using the ROV method.

For the ROV method, as portrayed in Figure 4, a significant
number of alternatives, including A2, A3, A4, A5, A6, A7, and
A10, maintain identical ranks across all four weighting
approaches. Any shifts observed in other alternatives are
marginal, with consistency maintained in most test cases. This
demonstrates that the AW method produces alternative
rankings that are highly compatible with those generated by
RR, RS, and ROC under the ROV model.

15

12
3 0
3
0

A2 A3 A4 AS

HEAW ERR ROC

A6 AT A8 A9 Al0 ALl Al2 Al3 Al4

Fig. 5. Ranking of alternatives in example 1 using the RAM method.
When applying the RAM method, as depicted in Figure 5,
alternatives Al, A3, A6, A8, A9, A10, and A12 consistently
maintain their ranks across all four scenarios, with only
minimal fluctuations observed for the remaining alternatives.
From a preliminary qualitative perspective, the AW method
appears to foster a balanced consensus with the other three
methods. Overall, across all five MCDM frameworks (FUCA,
SAW, PIV, ROV, and RAM), the AW weighting method
performs consistently alongside RR, RS, and ROC. A cross-
analysis of Figures 1-5 further shows that A8 and A9 emerge

as the most favorable alternatives, whereas A5, A6, A7, and
All are consistently the least favorable, regardless of the
ranking or weighting method used. This consensus indicates
that the AW method provides a balanced and reliable
compromise, effectively capturing the main trends of the
individual weighting approaches. However, since these
observations are qualitative, a rigorous quantitative evaluation
is necessary. In this study, the Spearman rank correlation
coefficient is employed to assess the performance of the AW
method relative to the others [28]. Using the data from Figures
1-5, Spearman coefficients between the AW and the RR, RS,
and ROC methods were calculated for each MCDM
framework, and are summarized in Table III.

TABLE IIL. SPEARMAN CORRELATION COEFFICIENTS
BETWEEN AW AND OTHER WEIGHTING METHODS IN
EXAMPLE 1
Weight method
MCDM method RR g RS ROC Average
FUCA 0.9956 0.9824 0.9912 0.9897
SAW 0.9956 0.9956 0.9912 0.9941
PIV 0.9956 0.9956 0.9912 0.9941
ROV 0.9956 0.9780 0.9956 0.9897
RAM 0.9912 0.9912 0.9868 0.9897
Average 0.9915

The analysis of the FUCA results, as displayed in Figure 1,
indicates that alternatives A2, A6, A7, A8, A9, A10, and All
exhibit complete ranking consistency across all weighting
methods. The remaining alternatives show only minor
variations. For example, Al ranks 4th under the AW, RR, and
RS methods, and shifts slightly to 5th under the ROC method.
Similarly, A3 is ranked 10th under AW, RR, and ROC, and
improves marginally to 9th under RS. Overall, most
alternatives maintain identical rankings in at least three out of
the four weighting scenarios, with only negligible deviations in
the remaining case. These observations suggest that, when
applied within the FUCA framework, the AW method
produces rankings that are highly consistent with those
obtained using the RR, RS, and ROC methods.

B. Illustrative Example 2

In this scenario, the AW method is evaluated against the
RR, RS, and ROC methods within a decision-making problem,
involving the ranking of 10 alternatives, each characterized by
12 distinct criteria. The alternatives are designated as A1-A10,
and the criteria are labeled as C1-C12. Specifically, the first
seven criteria are categorized as benefit-type (Type B), while
the remaining five are cost-type (Type C). The simulated
dataset for Example 2 is provided in Table IV.

TABLE IV. DATASET FOR EXAMPLE 2

Alt. | C1| C2 | C3 | C4

]
wu

C6 | C7| C8|C9|C10]|C11|C12

Al | 85 |12.5]/0.82 450 120 5.5/091| 32 | 1500 | 0.45| 88

A2 | 72 114.2]10.75| 520 110142085 28 | 1750 | 0.52| 76

A3 | 94 110.8] 0.9 | 380 145] 6.8 |0.95| 40 | 1200 | 0.4 | 92

A4 | 68 | 15.5]0.68 | 600 95 |35 0.8 | 252000 0.6 | 65

A5 | 80| 13 | 0.8 | 480 130 5 |0.88| 35 | 1400 0.48 | 82

A6 | 88 | 18 | 0.85]420 125]6.2092| 38 | 1350 | 0.42| 50

A7 | 75 1 13.8]/0.78 | 500 115 4.8 0.86| 30 | 1600 | 0.38 | 78

A8 | 91 | 11.2]0.88 | 400 140 7.2 1094 | 42 | 1100 | 04 | 95

A9 | 65| 16 |0.65| 650 90 | 3.2/0.78| 22 | 2100 | 0.65| 60

0|~ |0\ |0 || O\ |\O

A10| 82 | 12.8 ] 0.81 | 460 122]52]0.89| 33 |1450/0.47 | 84
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Assume that the priority order of the criteria is established
asCl>C2>C3>C4>C5>C6>C7>C8>C9>Cl0>
Cl11 > CI12. Following the procedural steps described in
Example 1, the criteria weights were calculated and are
summarized in Table V. Consistent with the previous findings,
the ratio between the maximum weight (C1) and the minimum
weight (C12) is equal to the total number of criteria (12) for
both the RS and RR methods. In contrast, the ROC method

shows the highest weight ratio, while the AW method falls at
an intermediate level between these extremes. Using the same
analytical approach as in Example 1, Spearman rank
correlation coefficients were calculated to compare the AW
method with the RR, RS, and ROC methods across five
different MCDM ranking frameworks. The results are outlined
in Table VL.

TABLE V. CRITERIA WEIGHTS FOR EXAMPLE 2
C1 Cc2 c3 Cc4 Cs5 Ceé c7 C8 9 C10 C11 C12 | max/min
RR 0.3222 | 0.1611 | 0.1074 | 0.0806 | 0.0644 | 0.0537 | 0.046 | 0.0403 | 0.0358 | 0.0322 | 0.0293 | 0.0269 12
RS 0.1538 | 0.141 | 0.1282 | 0.1154 | 0.1026 | 0.0897 | 0.0769 | 0.0641 | 0.0513 | 0.0385 | 0.0256 | 0.0128 12
ROC |0.2586  0.1753 | 0.1336 | 0.1058 | 0.085 | 0.0683 | 0.0544 | 0.0425 | 0.0321 | 0.0229 | 0.0145 | 0.0069 | 37.24
AW 10.2396 | 0.1623 | 0.1255 | 0.1018 | 0.0845 | 0.0707 | 0.0591 | 0.049 | 0.0398 | 0.0312 | 0.0227 | 0.0137 17.5
TABLEVI  SPEARMAN CORRELATION COEFFICIENTS methods in determining criterion weights. To further

BETWEEN AW AND OTHER WEIGHTING METHODS IN

EXAMPLE 2

MCDM Weight method Average
method RR RS ROC 8
FUCA 0.9879 1 0.9879 0.9919
SAW 0.9879 0.9879 1 0.9919
PIV 0.9758 0.9879 1 0.9879
ROV 1 0.9879 1 0.9960
RAM 0.9758 1 1 0.9919
Average 0.9919

The results of this example further confirm that the
Spearman correlation coefficients between the AW method and
the RR, RS, and ROC methods remain consistently high across
all five MCDM techniques. The overall average Spearman
coefficient is 0.9919, which is very close to 1 and well above
the 0.8 threshold for strong agreement [29]. These findings
indicate that using the AW method for criteria weighting yields
alternative rankings that are highly consistent with those
obtained from the RR, RS, and ROC methods. Therefore, the
AW method effectively reconciles differing methodological
preferences and promotes a high level of consensus among
decision-makers in determining criteria weights.

C. Illustrative Example 3

The two preceding synthetic examples, despite variations in
the number of criteria, criterion types, and the quantity of
alternatives, consistently demonstrated that the AW method
achieves an efficacy comparable to the RR, RS, and ROC

substantiate this finding, these three examples address a real-
world problem: weight determination for ranking four types of
wood milling machines (denoted A1-A4) based on data from a
recently published study. Each machine is evaluated against
eight benefit-type criteria (C1-C8) and one cost-type criterion
(C9). These nine criteria encompass: X-axis working range
(C1), Y-axis working range (C2), Z-axis working range (C3),
maximum spindle speed (C4), maximum travel speed (C5),
maximum working speed (C6), maximum permissible wood
moisture content (C7), flash memory (C8), and price in
Vietnamese currency (C9). The dataset for this practical
application is consolidated in Table VII, with units for each
criterion specified in the second row [30].

TABLE VII. DATASET FOR EXAMPLE 3
Alt Cl | C2 |C3 C4 Cs Co6 C7 | C8 c9
‘| mm | mm | mm | mm/min| mm/min | mm/min| °C | Mb | million
Al | 1800 | 2500 | 180 | 24000 50 25 75 | 128 | 164
A2 | 1500 | 1300 | 180 | 23000 42 22 70 | 100| 149
A3 | 1500 | 1000 | 150 | 20000 50 25 50 [ 120 129
A4 | 1800 | 2000 | 160 | 21500 50 25 50 | 120 | 154.56

Assuming that the priority hierarchy of the criteria remains
Cl>C2>C3>C4>C5>C6>C7>C8>0C9. As
established, this is a single test case, and further scenarios will
be detailed in the subsequent sensitivity analysis. Table VIII
synthesizes the criteria weights calculated using the various
methodologies.

TABLE VIII.  CRITERIA WEIGHTS FOR EXAMPLE 3
C1 c2 c3 C4 Cs Co6 c7 C8 c max/min
RR 0.3535 | 0.1767 | 0.1178 | 0.0884 | 0.0707 | 0.0589 | 0.0505 | 0.0442 | 0.0393 9
RS 0.2 0.1778 | 0.1556 | 0.1333 | 0.1111 | 0.0889 | 0.0667 | 0.0444 | 0.0222 9
ROC | 0.3143 | 0.2032 | 0.1477 | 0.1106 | 0.0828 | 0.0606 | 0.0421 | 0.0262 | 0.0123 25.4607
AW 0.2864 | 0.189 0.142 | 0.1113 | 0.0883 | 0.0695 | 0.0531 | 0.0379 | 0.0225 12.7287

In this instance, it is once again observed that the ratio
between the maximum weight (C1) and the minimum weight
(C9) for both the RS and RR methods is identical to the total
number of criteria (i.e., 9). Correspondingly, the ROC method
yields the highest ratio, while the AW method provides a value
positioned in the intermediate range. Following the same
analytical procedure as Example 1, Spearman rank correlation
coefficients were calculated to compare the AW method with

the RR, RS, and ROC methods across five different MCDM
ranking frameworks. These values are presented in Table IX.

According to Table IX, the Spearman correlation
coefficients between the AW method and the RR, RS, and
ROC methods are consistently equal to 1 across all five
MCDM techniques. This indicates that the rankings obtained
using the AW method are identical to those produced by the
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individual component methods. In this case, the AW method
fully achieves consensus among decision-makers, despite their
differing preferences for RR, RS, or ROC. Across the three
examined cases, including two synthetic examples and one
real-world application, variations were observed in the number
of alternatives as well as in the composition of benefit and cost
criteria.

TABLE IX. SPEARMAN CORRELATION COEFFICIENTS
BETWEEN AW AND OTHER WEIGHTING METHODS IN
EXAMPLE 3
Weight method
MCDM method RS RR ROC Average
FUCA 1 1 1 1
SAW 1 1 1 1
PIV 1 1 1 1
ROV 1 1 1 1
RAM 1 1 1 1
Average 1

Nevertheless, all results demonstrate that the AW method
produces rankings highly compatible with those obtained using
RR, RS, and ROC. A further finding is related to the dispersion
of criteria weights. The ROC method yields the highest ratio
between maximum and minimum weights, indicating greater
dispersion, while the RR and RS methods produce a fixed ratio
equal to the number of criteria. In contrast, the AW method
generates intermediate values, reflecting a balanced distribution
of weights. This confirms that AW effectively integrates the
characteristics of its component methods. Overall, the AW
method can be regarded as a compromise weighting approach
that mitigates the extremes of its individual components. By
doing so, it reconciles differing methodological preferences and
facilitates consensus in criteria weighting. To further assess the

robustness of the proposed method, a comprehensive
sensitivity analysis is conducted in the following section.

IV. SENSITIVITY ANALYSIS

To evaluate the performance of the AW method, a series of
scenarios was generated for each example, corresponding to the
total number of criteria involved. For Example 1, six scenarios
were established by systematically rotating the primary
criterion (sequentially assigning each criterion from C1 to C6
the highest priority) while maintaining the relative order of the
remaining criteria, as summarized in Table X. Similarly, twelve
scenarios were developed for Example 2 (Table XI), and nine
for Example 3 (Table XII). In Tables XI and XII, Scenario S1
refers to the initial case analyzed above. The final column
presents the mean Spearman correlation coefficients across the
five MCDM methods and all four weighting techniques.

TABLE X. SCENARIOS IN EXAMPLE 1
Scenario Priority order Spearman
Ci| C2 | C3 C4 Cs5 Cé6
S1 1 2 3 4 5 6 0.9915
S2 2 1 3 4 5 6 0.9792
S3 2 3 1 4 5 6 0.9812
S4 2 3 4 1 5 6 0.9909
S5 2 3 4 5 1 6 0.993
S6 2 3 4 5 6 1 0.9525

In Example 1 (Table X), all average Spearman coefficients
are high, with the lowest value being 0.9525 in scenario S6—
well above the 0.8 threshold [29]. This demonstrates that using
the AW method for criteria weighting produces results in
alternative rankings that closely align with those obtained using
the other three methods.

TABLE XI. SCENARIOS IN EXAMPLE 2
Scenario Priority order Spearman
C1 C2 Cc3 C4 Cs Cé6 c7 C8 c9 C10 C11 C12
S1 1 2 3 4 5 6 7 8 9 10 11 12 0.9919
S2 2 1 3 4 5 6 7 8 9 10 11 12 0.9677
S3 2 3 1 4 5 6 7 8 9 10 11 12 0.9927
S4 2 3 4 1 5 6 7 8 9 10 11 12 0.8174
S5 2 3 4 5 1 6 7 8 9 10 11 12 0.9927
S6 2 3 4 5 6 1 7 8 9 10 11 12 0.9895
S7 2 3 4 5 6 7 1 8 9 10 11 12 0.9976
C8 2 3 4 5 6 7 8 1 9 10 11 12 0.9095
c9 2 3 4 5 6 7 8 9 1 10 11 12 0.6606
S10 2 3 4 5 6 7 8 9 10 1 11 12 0.9927
S11 2 3 4 5 6 7 8 9 10 11 1 12 0.9814
S12 2 3 4 5 6 7 8 9 10 11 12 1 0.7657

In Example 2 (Table XI), most average Spearman
coefficients are high. Exceptions occur in scenarios S4, S9, and
S12, where the average values are relatively lower.
Nonetheless, in most cases, 9 out of 12 scenarios, the average
Spearman coefficients exceed 0.9. Since these values are well
above the 0.8 threshold [29], it can be concluded that the
rankings of alternatives are highly consistent when criteria
weights are determined using the AW method compared to the
other three methods.

For Example 3 (Table XII), the average Spearman
coefficients in the first four scenarios are equal to 1, indicating

perfect agreement. In the remaining five scenarios, the
coefficients remain high, with the lowest value being 0.9067 in
scenario S7, which still significantly exceeds the 0.8 threshold
[29]. These results confirm that alternative rankings, derived
using the AW method, are highly consistent with those
obtained from the RR, RS, and ROC methods. Overall, across
the three examples and their corresponding sensitivity analyses,
the findings demonstrate that the AW method produces
rankings equivalent to or highly like those generated by its
component methods. This is particularly important in situations
where decision-makers differ in their choice of weighting
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technique. In such cases, the AW method ensures reliable
ranking outcomes while accommodating individual
methodological preferences. Therefore, the AW method can be
regarded as a compromise weighting approach that effectively
integrates RR, RS, and ROC, promoting both accuracy and
consensus in criteria weighting.

TABLE XII.  SCENARIOS IN EXAMPLE 3
Scenario Priority order Spearman

Cl1|C2 | C3 | C4 C5|C6|C7T|C8| C9
S1 1 2 3 4 5 6 7 8 9 1
S2 2 1 3 4 5 6 7 8 9 1
S3 2 3 1 4 5 6 7 8 9 1
S4 2 3 4 1 5 6 7 8 9 1
S5 2 3 4 5 1 6 7 8 9 0.9467
S6 2 3 4 5 6 1 7 8 9 0.9467
S7 2 3 4 5 6 7 1 8 9 0.9067
S8 2 3 4 5 6 7 8 1 9 0.9467
S9 2 3 4 5 6 7 8 9 1 0.96

V. CONCLUSIONS

The Aggregated Weighting (AW) method represents an
integrated framework that synthesizes three established
subjective weighting techniques: Rank Reciprocal (RR), Rank
Sum (RS), and Rank Order Centroid (ROC). By employing the
geometric mean for aggregation, the AW approach eliminates
the need for subjective priority coefficients, thereby effectively
balancing diverse expert perspectives. This method promotes a
robust consensus among decision-makers, particularly in
contexts where there is divergence regarding the preferred
ordinal weighting formula. Conceptually, AW functions as a
compromise solution that moderates the inherent characteristics
of its component methods. While ROC often results in high
weight dispersion (exhibiting the highest max/min weight
ratios), RR and RS are constrained by a rigid ratio equivalent to
the number of criteria. In contrast, AW yields a balanced
distribution, consistently maintaining a ratio that falls between
these two extremes. A primary limitation of the current study is
the underlying assumption that decision-makers have already
reached a consensus on the rank ordering of criteria. In
practical applications, such an agreement may not always be
present. Consequently, extending the AW framework to
accommodate scenarios involving conflicting criterion rankings
represents a significant avenue for future research to enhance
its applicability in complex real-world decision-making.

DECLARATION OF COMPETING INTERESTS
Not applicable to this work.

ACKNOWLEDGMENT

The Optimal Design and Manufacturing of Mechanical
Products with Aerodynamic Interaction Using Advanced
Technologies research group (code: 06-2025-NCTN) gratefully
acknowledges the support provided by Hanoi University of
Industry for the implementation of this research.

DATA AVAILABILITY

Utilized data can be made available from the corresponding
author upon request.

AI USE AND DECLARATION OF GENERATIVE AI USE

The authors confirm that they did not use artificial
intelligence technologies in creating the submitted work.

REFERENCES

[11 D.D. Trung, "A combination method for multi-criteria decision making
problem in turning process," Manufacturing Review, vol. 8, 2021, Art.
no. 26, https://doi.org/10.1051/mfreview/2021024.

[2] B. Thi Thu Trang, D. Duc Trung, Vietnam, R. Turmanidze, "A novel
approach for criteria weighting to enhance ranking stability of
alternatives for industrial equipment and material selection," Advanced
Engineering  Letters, vol. 4, mno. 3, pp. 118-133, 2025,
https://doi.org/10.46793/adeletters.2025.4.3.2.

[3] N. T. Mai, N. C. Bao, D. V. Duc, T. V. Trung, and H. X. Thinh,
"Calculating Criteria Weights Using the Rank Order Centroid Method
when the Ranks are Guided by the Entropy Method," Engineering,
Technology & Applied Science Research, vol. 15, no. 6, pp. 30514—
30519, Dec. 2025, https://doi.org/10.48084/etasr.13744.

[4] D. D. Trung and H. X. Thinh, "A multi-criteria decision-making in
turning process using the MAIRCA, EAMR, MARCOS and TOPSIS
methods: A comparative study," Advances in Production Engineering &
Management, vol. 16, no. 4, pp. 443-456, Dec. 2021,
https://doi.org/10.14743/apem2021.4.412.

[5] F. Ecer and D. Pamucar, "A novel LOPCOW-DOBI multi-criteria
sustainability performance assessment methodology: An application in
developing country banking sector," Omega, vol. 112, Oct. 2022, Art.
no. 102690, https://doi.org/10.1016/j.omega.2022.102690.

[6] Z. Gligori¢, M. Gligori¢, I. Miljanovi¢, S. Lutovac, and A. Milutinovié,
"Assessing Criteria Weights by the Symmetry Point of Criterion (Novel
SPC Method)-Application in the Efficiency Evaluation of the Mineral
Deposit Multi-Criteria Partitioning Algorithm," Computer Modeling in
Engineering & Sciences, vol. 136, no. 1, pp. 955-979, 2023,
https://doi.org/10.32604/cmes.2023.025021.

[71 Y. Xu and Z. Cai, "Standard deviation method for determining the
weights of group multiple attribute decision making under uncertain
linguistic environment," in 2008 7th World Congress on Intelligent
Control and  Automation, June 2008, pp- 8311-8316,
https://doi.org/10.1109/WCICA.2008.4594230.

[8] M. Keshavarz-Ghorabaee, M. Amiri, E. K. Zavadskas, Z. Turskis, and J.
Antucheviciene, "Determination of Objective Weights Using a New
Method Based on the Removal Effects of Criteria (MEREC),"
Symmetry, vol. 13, mno. 4, Apr. 2021, Art. no. 525,
https://doi.org/10.3390/sym13040525.

[91 A. R. Krishnan, M. M. Kasim, R. Hamid, and M. F. Ghazali, "A
Modified CRITIC Method to Estimate the Objective Weights of
Decision Criteria," Symmetry, vol. 13, no. 6, June 2021, Art. no. 973,
https://doi.org/10.3390/sym13060973.

[10] Z. Stevic, A. Ulutas, A. Topal, D. Marinkovic, and S. Cavoski, "A New
Objective Method for Determining Criteria Weights in MCDM Models
— LOGSTA," International Journal of Simulation Modelling, vol. 24, no.
4, pp. 589-600, Dec. 2025, https://doi.org/10.2507/IISIMM?24-4-738.

[11] Y. B. Gopisetty and H. R. Sama, "Skewness impact through
distributional evaluation (SITDE) method: a new method in multi-
criteria decision making," Journal of the Operational Research Society,
vol. 76, no. o, . 1204-1224, June 2025,
https://doi.org/10.1080/01605682.2024.2416910.

[12] A. ibrahim and I. Ozcan, "CRiterion Importance Based on SUm of
Squares (CRISUS): A Novel Objective Weighting Method and Its
Implementation in Multidimensional —Sustainability —Performance
Measurement," ECONOMIC COMPUTATION AND ECONOMIC
CYBERNETICS STUDIES AND RESEARCH, vol. 59, no. 2/2025, pp.
203-219, June 2025, https://doi.org/10.24818/18423264/59.2.25.13.

[13] O. Pala, "Assessment of the social progress on European Union by
logarithmic decomposition of criteria importance," Expert Systems with
Applications,  vol. 238, Mar. 2024, Art. no. 121856,
https://doi.org/10.1016/j.eswa.2023.121846.

www.etasr.com

Binh et al.: AW: An Aggregated Weighting Method for Balancing Expert Opinions



Engineering, Technology & Applied Science Research

Vol. 16, No. 3, 2026, 35154-35161 35161

[14]

[15]

[16]

(17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

D. D. Trung, M. Ozgallcl, N. Ersoy, D. V. Duc, N. C. Bao, and N. H.
Son, "SIWEC-R: A rank-sensitive improvement to SIWEC
methodology," Teknomekanik, vol. 8, no. 2, pp. 183-210, Dec. 2025,
https://doi.org/10.24036/teknomekanik.v8i2.40172.

T. V. Dua, D. V. Duc, N. C. Bao, and D. D. Trung, "Integration of
objective weighting methods for criteria and MCDM methods:
application in material selection," EUREKA: Physics and Engineering,
no. 2, pp. 131-148, Mar. 2024, https://doi.org/10.21303/2461-
4262.2024.003171.

N. H. Son, D. V. Duc, and N. T. Mai, "The Combined PSI-ROC Weight
Model," Engineering, Technology & Applied Science Research, vol. 15,
no. 6, . 29235-29239, Dec. 2025,
https://doi.org/10.48084/etasr.14497.

G. O. Odu, "Weighting methods for multi-criteria decision making
technique," Journal of Applied Sciences and Environmental
Management, vol. 23, no. 8, pp. 1449-1457, Sept. 2019,
https://doi.org/10.4314/jasem.v23i8.7.

T. V. Dua, "Forklift selection by multi-criteria decision-making
methods," Eastern-European Journal of Enterprise Technologies, vol. 5,
no. 3 (125), pp. 95-101, Oct. 2023, https://doi.org/10.15587/1729-
4061.2023.285791.

D. Stanujkic, E. K. Zavadskas, F. Smarandache, and Z. Turskis, "The
Use of the Pivot Pairwise Relative Criteria Importance Assessment
Method for Determining the Weights of Criteria," Romanian Journal of
Economic Forecasting, vol. 20, no. 4, pp. 116-133, 2017.

H. Xiao, S. Zeng, Y. Peng, and G. Kou, "A simulation optimization
approach for weight valuation in analytic hierarchy process," European
Journal of Operational Research, vol. 321, no. 3, pp. 851-864, Mar.
2025, https://doi.org/10.1016/j.ejor.2024.10.018.

D. Pamugar, Z. Stevié, and S. Sremac, "A New Model for Determining
Weight Coefficients of Criteria in MCDM Models: Full Consistency
Method (FUCOM)," Symmetry, vol. 10, no. 9, Sept. 2018, Art. no. 393,
https://doi.org/10.3390/sym10090393.

D. Pamucar, M. Ziiovié, S. Biswas, and D. BoZani¢, "A New Logarithm
Methodology of Additive Weights (Lmaw) for Multi-Criteria Decision-
Making: Application in Logistics," Facta Universitatis, Series:
Mechanical Engineering, vol. 19, no. 3, pp. 361-380, Oct. 2021,
https://doi.org/10.22190/FUME210214031P.

Z. Chergui and A. Jiménez-Martin, "On Ordinal Information-Based
Weighting Methods and Comparison Analyses," Information, vol. 15,
no. 9, Sept. 2024, Art. no. 527, https://doi.org/10.3390/info15090527.

D. D. Trung, H. T. Dung, N. C. Bao, and D. V. Duc, "A novel approach
for determining criteria weights: application in ranking materials for
mechanical manufacturing processes," Manufacturing Review, vol. 12,
2025, Art. no. 16, https://doi.org/10.1051/mfreview/2025014.

S. Zha, Y. Guo, S. Huang, and S. Wang, "A Hybrid MCDM Method
Using Combination Weight for the Selection of Facility Layout in the
Manufacturing System: A Case Study," vol. 2020, no. 1, Art. no.
1320173, Feb. 2020, https://doi.org/10.1155/2020/1320173.

N. Zoraghi, M. Amiri, G. Talebi, and M. Zowghi, "A fuzzy MCDM
model with objective and subjective weights for evaluating service
quality in hotel industries," Journal of Industrial Engineering
International, vol. 9, no. 1, Dec. 2013, Art. no. 38,
https://doi.org/10.1186/2251-712X-9-38.

X. Wei, M. Wang, Q. Wei, and X. Ma, "Piping Material Selection in
Water Distribution Network Using an Improved Decision Support
System," Water, vol. 17, no. 3, Jan. 2025, Art. no. 342,
https://doi.org/10.3390/w17030342.

A. Katranci, N. Kundakel, and K. Arman, "Fuzzy SIWEC and Fuzzy
RAWEC Methods for Sustainable Waste Disposal Technology
Selection," Spectrum of Operational Research, vol. 3, no. 1, pp. 87-102,
Jan. 2026, https://doi.org/10.31181/s0r31202633.

K.-G. Mehdi, R. Abdolghani, A. Maghsoud, Z. Edmundas Kazimieras,
and A. Jurgita, "Multi-Criteria Personnel Evaluation and Selection Using
an Objective Pairwise Adjusted Ratio Analysis (OPARA)," ECONOMIC
COMPUTATION AND ECONOMIC CYBERNETICS STUDIES AND
RESEARCH, vol. 58, mno. 2/2024, pp. 2345, June 2024,
https://doi.org/10.24818/18423264/58.2.24.02.

[30] T. V. Dua, "Combination of symmetry point of criterion, compromise

ranking of alternatives from distance to ideal solution and collaborative
unbiased rank list integration methods for woodworking machinery
selection for small business in Vietnam," EUREKA: Physics and
Engineering, no. 2, pp. 83-96, Mar. 2023,
https://doi.org/10.21303/2461-4262.2023.002763.

www.etasr.com

Binh et al.: AW: An Aggregated Weighting Method for Balancing Expert Opinions



