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Abstract. Material selection is a complex challenge within Multi-Criteria Decision-Making (MCDM). This
research introduces SIWEC-ROC, a novel two-stage weighting method combining SIWEC and ROC to ensure
stable material rankings across various MCDM techniques. The method first employs SIWEC to determine
initial criterion weights and ranks, then applies ROC to calculate final weights based on these ranks. Validated
across four mechanical engineering cases, including weighting for ranking gear materials, cutting tool materials,
automotive protective plate materials, and EDM powders, SIWEC-ROC consistently demonstrated superior
ranking stability compared to SIWEC alone. For example, average Spearman coefficients significantly
improved: Case 1 showed 0.9563 for both SIWEC and SIWEC-ROC, Case 2 from 0.8368 to 0.9114, Case 3 from
0.8167 to 0.8667, and Case 4 from 0.8869 to 0.9212. The advantages of SIWEC-ROC over SIWEC were even
clearer during sensitivity analysis. Using SIWEC-ROC allows engineers to quickly identify optimal materials,
saving time, effort, and cost by reducing trial machining and boosting overall efficiency.

Keywords: MCDM / weight method / SIWEC-ROC method / SIWEC method / ROC method /
materials in mechanical manufacturing
1 Introduction

The ranking of material types represents a complex
undertaking that has garnered significant attention from
numerous researchers. This process necessitates the
consideration of a multitude of parameters and is
recognized as a multi-criteria decision-making (MCDM)
problem. MCDM has not only been extensively employed
for ranking materials for specific applications but also
stands as a robust technique applicable across a wide array
of domains, including personal and governmental policy,
economics, andmedicine, among others [1–4]. However, the
resulting order of alternatives can vary depending on the
specific MCDM method utilized [5, 6]. Consequently,
several studies have indicated that employing multiple
MCDM methods is crucial to ensure the reliability of the
final outcomes [7]. Nevertheless, substantial discrepancies
in the rankings obtained from different MCDM methods
can still pose challenges for reaching a conclusive decision
regarding the prioritization of alternatives. Key factors
contributing to these variations include the inherent
algorithms of different MCDM techniques, the data
normalization procedures employed, and the methods
used to determine the weights of the criteria [8–10].
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Among these factors, the weights assigned to the
criteria exert a substantial influence on the ranking of
alternatives [11–13]. The weight of a criterion quantifies its
relative importance compared to other criteria when
collectively used to characterize the value of an object.
Criteria weights can be established through objective,
subjective, or integrated approaches [14, 15].

Numerous objective methods exist for determining
criteria weights, including SMART [16], Entropy [17],
LOPCOW [18], MEREC [19], and SPC [20], ect. These
methods rely solely onmathematical formulations to derive
the weights, notably disregarding expert opinions regard-
ing the relative significance of the criteria [21]. This
oversight can lead to suboptimal outcomes in MCDM
problem-solving [22]. Furthermore, the performance of
objective weighting methods in MCDM problems can vary
considerably. For instance, a recent study reported that
among three objective weighting methods—Entropy,
MEREC, and SPC—Entropy exhibited the highest
performance, followed by MEREC, with SPC demonstrat-
ing the lowest [23].

Subjective methods, in contrast, determine criteria
weights based on the judgments of evaluators. Examples of
such methods include AHP [24], RS [25], ROC [25], RR
[25], and PIPRECIA [26], ect. When these methods are
applied, the importance of criteria is assigned by the
user. Consequently, the resulting weights are inherently
monsAttribution License (https://creativecommons.org/licenses/by/4.0),
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dependent on the user’s experience and subjective assess-
ments [27]. A lack of specialized knowledge or the presence
of biases in the user’s judgments can lead to erroneous
conclusions when employing subjective weights in MCDM
problems [28, 29]. Moreover, a common characteristic of
most subjective weighting methods is the necessity for
pairwise comparisons of criteria. This can be challenging to
ensure consistency across different experts and becomes
increasingly difficult with a larger number of criteria per
alternative [27, 28, 30], as the complexity of comparing
each pair of criteria escalates [31–33]. Additionally, experts
may find it difficult to articulate the rationale behind their
pairwise comparisons [34]. Furthermore, subjective opin-
ions tend to exhibit low repeatability, undermining
transparency and accountability in the decision-making
process [29]. Even a single decision-maker’s comparisons of
criteria can vary over time [31]. It is also commonly
observed that the performance of subjective weighting
methods differs across MCDM problems, as evidenced by a
recent study indicating that ROC and Lagrange out-
performed RS [35].

The preceding brief overview highlights inherent
limitations in both subjective and objective weighting
methods. Despite this, some findings suggest that subjec-
tive methods are computationally simpler and easier to
implement compared to objective approaches [31]. Fur-
thermore, reports indicate that combined weights (derived
from two or more methods) offer a suitable solution for
diverse situations involving decision-making groups with
varying levels of expertise [36], thus suggesting a research
direction focused on integrating subjective weighting meth-
ods. However, the selection of subjective weighting methods
for combination requires careful consideration, as more
complex methods are prone to increased errors [37]. Another
crucial point to consider when choosing subjective weighting
methods for integration is that assigning weights to criteria
using qualitative data can be influenced by the decision-
maker’s preferences; therefore, employing numerical scales
(quantitative data) is preferable to qualitative data [31, 38].

SIWEC represents a subjective method for determining
criteria weights. However, it distinguishes itself from other
subjective weighting methods in that users (experts) only
need to evaluate the significance of the criteria without
engaging in pairwise comparisons. It also employs
quantitative data for criteria assessment [39]. Further
details regarding this method will be provided in the
subsequent section of this paper. Despite its recent online
appearance in August 2024 (with the paper’s publication
number dated December 2024), this method has rapidly
attracted the attention of researchers for its application in
determining criteria weights across various domains,
including agri-food [40], sustainable agricultural tourism
[41], unmanned aerial vehicle evaluation [42], and electric
tractor assessment [43], ect. Given its notable advantages
of requiring only the evaluation of criteria significance
without pairwise comparisons and utilizing a quantitative
measurement scale, the SIWEC method was selected for
use in this research.

Another subjective weighting method based on the
preferential ranking of criteria is the ROC method. ROC is
recognized for its high accuracy (up to 96%) in selecting the
best alternative [44]. A significant and established advan-
tage of the ROC method is its ability to minimize errors
associated with individual weights by identifying the
“centroid of potential weights” while preserving the rank
order of the objectives [44]. Numerous recent publications
have also employed this method for determining criteria
weights [44–47]. However, the application of the ROC
method still requires users to define the preferential
ranking among the parameters. This will be elaborated
upon when describing the steps for applying the ROC
method in the subsequent section of this paper. Clearly, the
weights derived are heavily reliant on the decision-maker’s
subjectivity [39], and this issue becomes more pronounced
with a larger number of criteria [27, 28]. This leads to the
idea that to leverage the benefits of the ROC method, it is
still necessary to ensure the accuracy of the criteria’s
importance when using ROC for weight determination.
Stemming from this concept, the motivation for this
research is to first calculate preliminary weights for the
criteria to establish their preferential ranking, and then
utilize the ROC method to compute the final weights. To
determine these preliminary weights, this study employs
the SIWEC method, the rationale for which lies in its
advantages as previously discussed. The objective of this
research is to propose a novel method for determining
criteria weights. The proposed method is a combination of
the SIWEC and ROC methods, denoted as the SIWEC-
ROC method. The proposed SIWEC-ROC method holds
significant potential for seamless integration into integrat-
ed design and manufacturing workflows. By providing a
precise and reliable approach to criterion weighting, this
method enables designers and engineers to easily quantify
the importance of various material factors early in the
product development cycle. This facilitates the selection of
optimal materials based on specific performance, cost, and
manufacturability requirements, thereby fostering a more
efficient design process and mitigating manufacturing
risks. The details of the proposed SIWEC-ROCmethod are
presented in Section 2 of this paper. Examples of ranking
materials used in mechanical manufacturing are provided
in Section 3 to evaluate the effectiveness of the proposed
method. In Section 4, the performance of the proposed
method is further assessed through a sensitivity analysis.
The final section concludes the research and outlines
directions for future investigations.
2 Proposed methodology

To develop the SIWEC-ROC method, it is first necessary
to outline the procedural steps for each constituent
method: the SIWEC method and the ROC method.

The calculation of criteria weights using the SIWEC
method follows these steps [39]:

– Determine the importance of each criterion by
surveying experts. Let e be the number of experts
consulted. This step yields a matrix as represented in
Equation (1), where n is the number of criteria for each
alternative, and ekj denotes the importance of criterion j as
evaluated by expert k. Experts utilize a scale from 1 to 10 to
assess the importance of the criteria.
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E ¼
e11 e12 ⋯ e1n
e21 e22 ⋯ e2n
⋯ ⋯ ekj ⋯
ek1 ek2 ⋯ ekn

2
664

3
775: ð1Þ

– Normalize the matrix E using equation (2). It is
important to note that the denominator in equation (2)
represents the maximum importance value assigned to any
criterion by any expert across all criteria.
nkj ¼ ekj
max ðekjÞ : ð2Þ

– Compute the standard deviation of the importance
scores for each criterion across all experts.

– Multiply the normalized values by their correspond-
ing standard deviations according to equation (3).
vij ¼ nkj � st:devj: ð3Þ
– Calculate the aggregate weight for each criterion

using equation (4).
sej ¼
Xe
k¼1

ve: ð4Þ

– Determine the final weight of criterion j using
equation (5).
wj ¼ skj
Xn
j¼1

skj

: ð5Þ

To calculate criteria weights using the subjective ROC
weighting method, the following steps are required [48,49]:

– Rank the criteria in descending order of preference,
with the most important criterion assigned rank 1 and the
least important criterion assigned rank n.

– Calculate the weight of each criterion using equation
(6), where k is the rank of criterion j.
wj ¼ 1

n

Xn
k¼i

1

k
: ð6Þ

The SIWEC-ROC method represents a seamless
integration of the SIWEC and ROC methods. The
flowchart of the SIWEC-ROC method is illustrated in
Figure 1. As depicted, the first six steps correspond to the
determination of criteria weights using the SIWEC
method. Subsequently, Step 7 involves establishing the
rank order of the criteria based on their SIWEC weights.
Following this, Step 8 applies the ROCmethod to calculate
the final weights of the criteria. These ROC-derived
weights constitute the output of the proposed methodology
in this research, the SIWEC-ROC method.

3 Evaluating the effectiveness of the
proposed method

To assess the efficacy of the SIWEC-ROC method,
this section presents a comparative analysis between
SIWEC-ROC and SIWEC. For this comparison, four
distinct case studies concerning the ranking of four
material groups in mechanical manufacturing were con-
ducted. Given that the primary objective of this research is
to propose the SIWEC-ROCmethod for criteria weighting,
an in-depth analysis of material properties is not
undertaken. Instead, for expediency, the data pertaining
to the material types in each case were sourced from
recently published articles. These four examples were
intentionally selected to exhibit variations in the number of
alternatives, the number and type of criteria, and the
number of experts consulted in each case. This approach
aims to provide a more objective evaluation of the
effectiveness of the SIWEC-ROC method compared to
the SIWEC method. The experts consulted in each case
comprised experienced mechanical engineers in
manufacturing and university professors with extensive
teaching experience inmechanical processing disciplines. In
each example, both the SIWEC-ROC and SIWECmethods
were employed to determine the criteria weights. Subse-
quently, seven different MCDM methods—SAW, TOP-
SIS, MOORA, COPRAS, PIV, ROV, and RAM—were
applied to rank the alternatives. A concise rationale for
the selection of these seven MCDM methods follows:
SAW is recognized as the simplest among MCDM
techniques and serves as a foundational method for the
development of others [50]. TOPSIS, MOORA, COP-
RAS, and ROV were included due to their widespread
application and established prominence across various
fields [51, 52]. PIV was chosen for its acknowledged
advantage in mitigating rank reversal phenomena [53].
RAM was selected for its simplicity, relative novelty
(introduced in September 2023), and its ability to
balance positive and negative criteria [54]. Another
noteworthy reason for employing these seven MCDM
methods lies in the diversity of data normalization
techniques they utilize. Specifically, SAW employs linear
normalization, TOPSIS, MOORA, COPRAS, and PIV
utilize vector normalization, ROV uses max-min linear
normalization, and RAM employs linear sum normaliza-
tion [51]. To compare SIWEC and SIWEC-ROC, the
Spearman’s rank correlation coefficient was utilized. This
coefficient reflects the similarity in the ranking order of
alternatives when ranked by different MCDMmethods and
is calculated according to equation (7), where Di represents
the difference in the rank of alternative i when ranked by
different MCDMmethods. A higher Spearman’s correlation
coefficient value indicates greater rank stability of the
alternatives, and vice versa [55, 56].

S ¼ 1�
6
Xm

i¼1
D2

i

mðm2 � 1Þ : ð7Þ

Case 1

This case study compares the application of SIWEC and
SIWEC-ROC in ranking eight gear manufacturing materi-
als, denoted MG1 toMG8, respectively. Each alternative is
characterized by seven criteria, C1 to C7, as detailed in



Fig. 1. Flowchart of the SIWEC-ROC method.
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Table 1. Notably, only C7 is a cost-type criterion (smaller
values are preferred), while the remaining six criteria are
benefit-type (larger values are preferred) [57].

The process of determining criteria weights was
executed as follows:

Six experts were consulted to evaluate the criteria, and
their assessments are presented in Table 2.

Applying equations (2) through (5) yielded the criteria
weights calculated using the SIWEC method, as summa-
rized in Table 3. Consequently, the rank order of the
criteria was established, as shown in the fourth row of this
table. Based on this criteria ranking, equation (6) was
applied to calculate the criteria weights using the ROC
method, as presented in the fifth row of the same table.
Since the criteria weights computed by the ROC method
are based on the criteria ranking derived from the SIWEC
method, this set of weights (the weights calculated by the
ROC method) also represents the weight set generated by
the SIWEC-ROC method in this study.

It is observed that while the criteria weights determined
by the SIWEC-ROC method are derived from the SIWEC
results, the proportional changes between the weights of
these two methods are substantial. Specifically, using the
SIWEC method, the ratio between the highest weight
criterion, C1 (0.1965), and the lowest weight criterion, C7
(0.0883), is only 2.23 times. However, when employing the
SIWEC-ROCmethod, the weight ratio of C1 to C7 is 18.16
times. This can be attributed to the SIWEC-ROC
method’s reliance on the “centroid of potential weights”
concept inherent in the ROC method [44].

Applying the SAW, TOPSIS, MOORA, COPRAS,
PIV, ROV, and RAM methods resulted in the ranking of
alternatives based on the two distinct weight sets
calculated by the SIWEC and SIWEC-ROC methods,
with the outcomes summarized in Table 4.

It is evident that the ranking of alternatives is not
entirely consistent across different MCDM methods, nor
when employing the two different weighting methods,
SIWEC and SIWEC-ROC. This is a common occurrence in
addressing MCDM problems and has been reported in
numerous studies [4, 58]. To compare SIWEC and SIWEC-
ROC, equation (6) was used to calculate the Spearman’s
rank correlation coefficients between the MCDMmethods,
as summarized in Table 5.

The Spearman’s rank correlation coefficient values
between each pair of MCDM methods are observed to be
very high, close to 1. This indicates that regardless of
whether SIWEC or SIWEC-ROC is used to determine the
criteria weights, the ranking of the material types exhibits
high stability when assessed by different MCDM methods.



Table 1. Gear manufacturing material types.

C1 C2 C3 C4 C5 C6 C7

No. Tensile strength Elongation Hardness Melting point Stiffness Impact toughness Cost (Vietnamese
dong)

MG1 780 18 55 635 229 880 22000
MG2 880 15 50 735 225 390 30000
MG3 930 13 45 785 269 590 31000
MG4 980 15 45 785 217 600 22000
MG5 980 12 45 835 250 950 24000
MG6 1080 12 50 930 220 960 22000
MG7 885 12 40 685 195 970 21000
MG8 750 12 45 400 179 940 20000

Table 2. Expert opinions on criteria in case 1.

Exp. C1 C2 C3 C4 C5 C6 C7

E1 9 6 8 5 5 6 4
E2 9 6 8 5 5 6 4
E3 8 7 8 5 6 6 3
E4 8 7 8 5 5 6 4
E5 8 7 8 5 5 6 4
E6 9 7 7 6 6 6 4

Table 3. Criteria weights in case 1 calculated by different methods.

Method C1 C2 C3 C4 C5 C6 C7

0.1965 0.1534 0.1812 0.1190 0.1231 0.1386 0.0883
SIWEC Rank

1 3 2 6 5 4 7
ROC 0.3704 0.1561 0.2276 0.0442 0.0728 0.1085 0.0204
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Furthermore, the average Spearman’s rank correlation
coefficient across the MCDM methods when using the
SIWEC-ROC method for criteria weighting (0.9563) is
equivalent to that when using the SIWEC method (also
0.9563). Thus, in this specific case, the SIWEC-ROC
method achieves comparable performance to the SIWEC
method in terms of ranking stability across different
MCDM techniques. This implies that both methods, when
used for criteria weighting, generate sets of alternative
rankings with similar levels of consistency across various
MCDM approaches. However, a comprehensive conclu-
sion regarding the comparison of SIWEC and SIWEC-
ROC cannot be drawn solely based on one example;
further comparisons across several other case studies are
necessary.

Case 2

This case study involves a comparison between SIWEC
and SIWEC-ROC in ranking twelve cutting tool materials
(CTMs), denoted CTM1 to CTM12, respectively. Each
CTM is characterized by seven criteria, C1 to C7, where
only C4 is a cost-type criterion, and the remaining criteria
are benefit-type, as in Table 6 [59].

In this case, seven experts were consulted to evaluate
the criteria, and their opinions are[CE1] presented in
Table 7.

The calculation of criteria weights using both the
SIWEC and SIWEC-ROC methods was performed
analogously to Case 1, with the results summarized in
Table 8. It is observed that when the SIWEC method is
used to determine criteria weights, the ratio between the
highest weight criterion (C5) and the lowest weight
criterion (C1) is 3.62 times. In contrast, this ratio is
18.16 times when the SIWEC-ROC method is employed.
This difference can be explained similarly to Case 1, where
the SIWEC-ROC method’s weight calculation is based on
the “centroid of potential weights” concept of the ROC
method.

The chart in Figure 2 illustrates the ranking of
alternatives obtained by different MCDM methods for
both scenarios: when criteria weights are calculated using



Table 4. Ranking of alternatives in case 1 by different MCDM methods.

SAW TOPSIS MOORA COPRAS PIV ROV RAM SAW TOPSIS MOORA COPRAS PIV ROV RAM

No. SIWEC SIWEC-ROC

MG1 2 3 2 2 2 2 2 2 4 2 2 2 2 2
MG 2 7 8 8 8 7 6 7 6 7 7 7 6 6 6
MG 3 6 6 7 7 6 5 5 5 5 6 6 5 5 5
MG 4 4 4 4 4 4 4 4 4 3 4 4 4 4 4
MG 5 3 2 3 3 3 3 3 3 2 3 3 3 3 3
MG 6 1 1 1 1 1 1 1 1 1 1 1 1 1 1
MG 7 5 5 5 5 5 7 6 7 6 5 5 7 7 7
MG 8 8 7 6 6 8 8 8 8 8 8 8 8 8 8

Table 5. Spearman’s rank correlation coefficients between MCDM methods in case 1.

Method TOPSIS MOORA COPRAS PIV ROV RAM Average

SIWEC SAW 0.9524 0.9563
TOPSIS 0.9524
MOORA 1
COPRAS 0.9286
PIV 0.9286
ROV 0.9762

SIWEC-ROC SAW 0.9048 0.9563
TOPSIS 0.9048
MOORA 1
COPRAS 0.9286
PIV 1
ROV 1

Table 6. Cutting tool material types.

C1 C2 C3 C4 C5 C6 C7

No. Hardness Young’s
modulus

Elastic
recovery

Friction
coefficient

Load
capacity

Deformation-
resistance degree index
of the coating

Wearresistance
degree index
of the coating

CTM1 34 380 60 0.6 30 0.089 0.272
CTM2 31 380 59 0.49 50 0.082 0.206
CTM3 20 280 49 0.45 41 0.071 0.102
CTM4 23 300 46 0.45 46 0.077 0.135
CTM5 19 270 45 0.45 46 0.7 0.094
CTM6 30 370 53 0.52 22 0.081 0.197
CTM7 19 270 43 0.51 47 0.07 0.094
CTM8 25 340 47 0.45 90 0.074 0.135
CTM9 17 280 40 0.5 67 0.061 0.063
CTM10 23 300 48 0.52 54 0.077 0.135
CTM11 20 260 46 0.43 37 0.077 0.118
CTM12 19 280 44 0.45 41 0.068 0.087
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Table 7. Expert opinions on criteria in case 2.

Exp. C1 C2 C3 C4 C5 C6 C7

E1 3 4 7 6 10 7 8
E2 3 4 7 6 10 8 8
E3 3 4 6 6 9 8 10
E4 2 3 7 5 10 8 7
E5 2 3 7 5 9 10 9
E6 3 3 7 6 10 7 8
E7 3 4 7 6 10 7 9

Table 8. Criteria weights in case 2 calculated by different methods.

Method C1 C2 C3 C4 C5 C6 C7

0.0597 0.0789 0.1531 0.1267 0.2162 0.1772 0.1882
SIWEC Rank

7 6 4 5 1 3 2
SIWEC-ROC 0.0204 0.0442 0.1085 0.0728 0.3704 0.1561 0.2276

Fig. 2. Ranking of alternatives in case 2 by different methods.
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SIWEC and when they are calculated using SIWEC-ROC.
In the figure, the suffix “-S” appended to the MCDM
method name indicates that the method was applied using
criteria weights derived from the SIWEC method. For
example, “SAW-S” signifies the application of the SAW
method with SIWEC-derived weights, and “TOPSIS-S”
indicates the use of the TOPSIS method with SIWEC-
derived weights, and so forth. Similarly, the suffix “-ROC”
appended to the MCDM method name indicates the use of
criteria weights derived from the SIWEC-ROC method.
For example, “MOORA-ROC” signifies the application of
the MOORA method with SIWEC-ROC-derived weights,
and “RAM-ROC” indicates the use of the RAM method
with SIWEC-ROC-derived weights, and so forth.

Table 9 summarizes the Spearman’s rank correlation
coefficients between the MCDM methods in this case. It is
observed that the Spearman’s correlation coefficient
between TOPSIS and MOORA is the lowest in both
scenarios (SIWEC and SIWEC-ROC weighted criteria).
However, when SIWEC is used for weighting, this value is
0.6364, whereas it increases to 0.8252 when SIWEC-ROC is
used. This partially indicates that the SIWEC-ROC
method achieves higher effectiveness than SIWEC in this
case. Furthermore, the Spearman’s correlation coefficient
between each pair ofMCDMmethods is consistently higher
when criteria weights are determined using the SIWEC-
ROC method compared to using the SIWEC method. This
further suggests the superiority of SIWEC-ROC over
SIWEC. Notably, the average Spearman’s rank correlation
coefficient across the MCDM methods is significantly
higher at 0.9114 when using SIWEC-ROC for criteria
weighting, compared to 0.8368 when using SIWEC. This
strongly affirms the enhanced performance of SIWEC-
ROC over SIWEC in this specific case. This implies that



Table 10. Decision matrix for case 3.

C1 C2 C3 C4 C5 C6

No. Compressive
strength

Bending
modulus

Hardness Charpy impact
toughnes

Elongation Cost

MPP1 20 700 92 1 500 78
MPP2 40 1500 92 1 100 84
MPP3 65 2500 105 2.18 30 114
MPP4 130 3100 93 3 50 153

Table 9. Spearman’s rank correlation coefficients between MCDM methods in case 2.

Method TOPSIS MOORA COPRAS PIV ROV RAM Average

SIWEC SAW 0.8182 0.8368
TOPSIS 0.6364
MOORA 0.993
COPRAS 0.8322
PIV 0.8741
ROV 0.8671

SIWEC-ROC SAW 0.8881 0.9114
TOPSIS 0.8252
MOORA 1.0000
COPRAS 0.9091
PIV 0.9161
ROV 0.9301

Table 11. Expert opinions on criteria in case 3.

Exp. C1 C2 C3 C4 C5 C6

E1 9 3 8 5 7 7
E2 9 3 8 5 7 7
E3 9 4 8 5 6 6
E4 8 4 8 5 7 6
E5 9 4 8 5 7 6
E6 9 3 7 6 6 7
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when the SIWEC-ROC method is used for criteria
weighting, the application of different MCDM methods
to rank the alternatives yields sets of rankings with greater
stability compared to using SIWEC for criteria weighting.

Thus, in the two cases examined, Case 1 showed
comparable performance between the SIWEC and SIWEC-
ROC methods, while Case 2 demonstrated the superior
performance of the SIWEC-ROC method over SIWEC.
Therefore, for a more thorough comparison of these two
methods, further case studies involving other applications
in ranking manufacturing materials for mechanical engi-
neering are necessary.

Case 3

This case study compares the SIWEC and SIWEC-ROC
methods in the context of ranking five materials used for
manufacturing car bumper protectors (MPPs), denoted
MPP1 toMPP5 as presented in Table 10 [59]. EachMPP is
characterized by six criteria, labeled C1 to C6, where C1
through C4 are benefit-type criteria, and C5 and C6 are
cost-type criteria.

In this case, six experts were surveyed regarding their
opinions on the criteria, and their responses are aggregated
in Table 11.

The calculation of criteria weights using both the
SIWEC and SIWEC-ROC methods was performed
analogously to Case 1, with the resulting weights
summarized in Table 12. In this case, the ratio between
the highest weight criterion (C1) and the lowest weight
criterion (C2) is 2.56 when using the SIWEC method and
14.69 when using the SIWEC-ROC method.

Figure 3 presents a compilation of the alternative
rankings obtained by different MCDMmethods for the two



Table 12. Criteria weights in case 3 calculated by different methods.

Method C1 C2 C3 C4 C5 C6

0.2299 0.0898 0.2032 0.1341 0.1732 0.1697
SIWEC Rank

1 6 2 5 3 4
ROC 0.4083 0.0278 0.2417 0.0611 0.1583 0.1028

Fig. 3. Ranking of alternatives in case 3 by different methods.

Table 13. Spearman's rank correlation coefficients between MCDM methods in case 3.

Method TOPSIS MOORA COPRAS PIV ROV RAM Average

SIWEC SAW 0.9000 0.8167
TOPSIS 0.6000
MOORA 1.0000
COPRAS 0.8000
PIV 0.9000
ROV 0.7000

SIWEC-ROC SAW 1.0000 0.8667
TOPSIS 0.6000
MOORA 1.0000
COPRAS 0.6000
PIV 1.0000
ROV 1.0000
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scenarios: criteria weights determined by SIWEC and by
SIWEC-ROC. The Spearman’s rank correlation coeffi-
cients between the MCDM methods were also calculated
and are summarized in Table 13.

The average Spearman’s rank correlation coefficient
across the MCDM methods when using the SIWEC-ROC
method for criteria weighting is observed to be 0.8667,
which is notably higher than the 0.8167 obtained when
using the SIWEC method. Thus, in this case, it can be
concluded that employing the SIWEC-ROC method for
criteria weighting ensures greater stability in the ranking
order of the materials (when ranked by different MCDM
methods) compared to using the SIWEC method. In
essence, the SIWEC-ROC method demonstrates superior
effectiveness over the SIWECmethod in this instance. This
also implies that when the SIWEC-ROC method is used to
determine criteria weights, the application of various
MCDM methods to rank the alternatives yields sets of
rankings with higher consistency than when using the
SIWEC method for criteria weighting.

Among the three cases conducted thus far, Case 1
indicated comparable performance between the SIWEC
and SIWEC-ROC methods, while Case 2 and Case 3
demonstrated the superior effectiveness of SIWEC-ROC
over SIWEC. Based on this, a preliminary observation
suggests that SIWEC-ROC exhibits higher performance
than SIWEC. However, to further substantiate this
observation, it is necessary to conduct additional examples.

Case 4

This case study compares the SIWEC and SIWEC-ROC
methods in the context of ranking ten powders used in the
electrical discharge machining (EDM) process, denoted



Table 14. Decision matrix for case 4.

C1 C2 C3 C4 C5
No.

Density Thermal
conductivity

Electrical
conductivity

Melting point Specific heat

PM1 2.7 2.38 2.45 660 0.215
PM2 7.16 0.67 12.7 1875 0.11
PM3 3.21 3 1000000000 2975 0.18
PM4 2.33 1.5 100000 1410 0.17
PM5 19.3 1.673 5.6 3410 0.031
PM6 4.72 0.22 55 1668 0.125
PM7 5.06 0.138 106 1185 0.07
PM8 1.63 2.47 1750 4550 0.185
PM9 10.2 1.39 5.27 2610 0.06
PM10 3.98 0.251 103 2072 0.17

Table 15. Expert opinions on criteria in case 4.

Exp. C1 C2 C3 C4 C5

E1 7 6 5 6 7
E2 7 6 5 6 7
E3 7 6 5 6 7
E4 7 7 5 6 6
E5 6 7 5 5 6
E6 7 6 5 6 7
E7 7 7 6 6 7

Table 16. Criteria weights in case 4 calculated by different methods.

Method C1 C2 C3 C4 C5

0.222 0.207 0.165 0.189 0.217
SIWEC Rank

1 3 5 4 2
SIWEC –ROC 0.4567 0.1567 0.0400 0.0900 0.2567

Fig. 4. Ranking of alternatives in case 4 by different methods.
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Table 17. Spearman’s rank correlation coefficients between MCDM methods in case 4.

Method TOPSIS MOORA COPRAS PIV ROV RAM Average

SIWEC SAW 0.6242 0.8869
TOPSIS 0.8061
MOORA 0.9636
COPRAS 0.9636
PIV 1.0000
ROV 0.9636

SIWEC-ROC SAW 0.8303 0.9212
TOPSIS 0.8667
MOORA 0.9515
COPRAS 0.903
PIV 0.9879
ROV 0.9879

Table 18. Summary of information across the conducted cases.

Case The number of
alternatives

B type
criterion

C type
criterion

The number
of experts

Rank Spearman coefficient

SIWEC
method

SIWEC-
ROC
method

1 8 6 1 6 Gear manufacturing
material

0.9563 0.9563

2 12 6 1 7 Cutting tool material 0.8368 0.9114
3 5 4 2 6 Materials used for

manufacturing car
bumper protectors

0.8167 0.8667

4 10 4 1 7 Powders used in the
(EDM process

0.8869 0.9212
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PM1 to PM10, respectively, as shown in Table 14 [60]. Each
alternative is characterized by one cost-type criterion
(criterion C1) and four benefit-type criteria (C2 to C5).

In this case, seven experts were surveyed regarding
their opinions on the criteria, and their responses are
aggregated in Table 15. The calculation of criteria weights
using both the SIWEC and SIWEC-ROC methods was
performed analogously to Case 1, with the resulting
weights summarized in Table 16. In this case, the ratio
between the highest weight criterion (C1) and the lowest
weight criterion (C3) is 1.35 and 11.42 when using the
SIWEC method and the SIWEC-ROC method, respec-
tively.

Figure 4 illustrates the ranking of alternatives obtained
by different MCDM methods for both scenarios: criteria
weights determined by SIWEC and by SIWEC-ROC. The
Spearman’s rank correlation coefficients between the
MCDM methods were also calculated and are summarized
in Table 17.

The average Spearman’s rank correlation coefficient
across the MCDM methods is observed to be 0.9212 when
using the SIWEC-ROC method for criteria weighting,
which is higher than the 0.8869 obtained when using the
SIWECmethod. Thus, in this case, it is also concluded that
the SIWEC-ROC method is more effective than the
SIWEC method when used for determining criteria
weights. Once again, it is reaffirmed that employing the
SIWEC-ROC method for criteria weighting leads to more
stable sets of alternative rankings when different MCDM
methods are applied, compared to using the SIWEC
method for criteria weighting.

After conducting the four cases above, some key
information has been summarized in Table 18.

According to the information in Table 18, it is
important to reiterate the numerous differences between
the conducted cases, ranging from the number of alter-
natives to be ranked, the number of benefit-type criteria,
the number of cost-type criteria, and the application
domain. However, despite these variations, only Case 1
showed comparable effectiveness between the SIWEC and
SIWEC-ROC methods in ensuring the stability of the
alternatives' rankings when assessed by different MCDM
methods. In the remaining three cases, the SIWEC-ROC
method consistently demonstrated superior performance
over the SIWECmethod. In summary, it can be definitively
concluded that using the SIWEC-ROC method for criteria



Fig. 5. Ranking of alternatives in case 1 after removing MG1.

Fig. 6. Ranking of alternatives in case 2 after removing CTM12.
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weighting ensures greater stability in the ranking of
alternatives when they are ranked by different MCDM
methods, compared to using the SIWEC method for
criteria weighting. Nevertheless, to finalize the comparison
between the SIWEC-ROC and SIWEC methods, a
sensitivity analysis is necessary. This content is presented
in the subsequent section of this paper.

4 Sensitivity analysis

To further ensure the objectivity of the comparison
between the SIWEC and SIWEC-ROC methods, a
sensitivity analysis was conducted for each case under
varying scenarios. These scenarios were generated by
systematically removing one alternative from the list of
alternatives to be ranked. To maintain impartiality, the
alternative selected for removal in each case was chosen
randomly. Specifically, for Case 1, the first alternative
(MG1) was removed; for Case 2, the last alternative
(CTM12) was removed; for Case 3, the third alternative
(MPP3) was removed; and for Case 4, the eighth
alternative (PM8) was removed.
Figures 5, 6, 7 and 8 correspondingly illustrate the
ranking of alternatives in each case after the removal of one
alternative as described above. The average Spearman’s
rank correlation coefficient between theMCDMmethods in
each case was also calculated and is summarized in
Table 19.

The data in Table 19 indicate that even after randomly
removing one alternative from the set of alternatives to be
ranked in each case, the average Spearman’s rank
correlation coefficient between the MCDM methods when
using the SIWEC-ROC method for criteria weighting
consistently remains higher than when using the SIWEC
method. Notably, even in Case 1, where the average
Spearman’s correlation coefficient was equal for both
methods before removing MG1 (refer back to Tab. 5),
SIWEC-ROC demonstrates an advantage over SIWEC
after the removal of MG1. Thus, this sensitivity analysis
reveals that across all four cases, employing the SIWEC-
ROC method for criteria weighting ensures greater
stability in the ranking of the alternatives (material types)
when assessed by different MCDM methods compared to
using the SIWEC method. This outcome can be attributed
to the fact that the SIWEC-ROC method’s reliance on the



Fig. 7. Ranking of alternatives in case 3 after removing MPP3.

Fig. 8. Ranking of alternatives in case 4 after removing PM8.

Table 19. Average Spearman’s rank correlation coefficients between MCDM methods.

Case The alternatives was
withdrawn from the list.

Spearman coefficient

SIWEC method SIWEC-ROC method

1 MG1 0.8929 0.9048
2 CTM12 0.8227 0.8909
3 MPP3 0.8000 0.9333
4 PM8 0.9278 0.9722
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“centroid of potential weights” concept from the ROC
method results in a significantly larger ratio between the
highest and lowest criteria weights compared to the
SIWEC method.

In summary, the findings from Sections 3 and 4 lead to a
robust conclusion: utilizing the SIWEC-ROC method for
determining criteria weights enhances the stability of the
alternatives' rankings when evaluated using different
MCDM methods to a greater extent than employing the
SIWEC method. By utilizing the SIWEC-ROC method for
criterion weighting, engineers can quickly and accurately
determine the optimal ranking of materials for specific
applications. This ranking fully incorporates the consensus
of all mechanical engineering experts regarding the
importance of various criteria, leading to the selection of
the best materials. This, in turn, significantly reduces
testing time, lowers trial machining costs, minimizes scrap
rates, and ultimately enhances the overall efficiency of the
product manufacturing process and the in-use performance
of finished products.
5 Conclusion

A novel method for determining criteria weights, termed
SIWEC-ROC, has been proposed in this research. This
method integrates the SIWEC and ROC approaches. A
comparative analysis between SIWEC and SIWEC-ROC
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was conducted through four illustrative examples pertain-
ing to the ranking of materials in mechanical manufactur-
ing. These examples exhibited variations in the number of
alternatives to be ranked, the number of benefit-type
criteria, the number of cost-type criteria, and the number
of experts consulted for criteria evaluation. Furthermore,
the comparison was extended to a sensitivity analysis
phase. Across all conducted analyses, the SIWEC-ROC
method consistently yielded a higher average Spearman’s
rank correlation coefficient among the MCDM methods
used for ranking the alternatives compared to when the
SIWEC method was employed for criteria weighting.
Specifically, when calculating the weights for criteria of
gear manufacturing materials, the average Spearman’s
coefficient value is consistently 0.9563 for both cases using
the SIWEC and SIWEC-ROC methods to determine
criterion weights. For calculating the weights of cutting
tool material criteria, the average Spearman’s coefficient
is 0.8368 when using the SIWEC method, and it increases
to 0.9114 when using the SIWEC-ROC method. When
determining weights for automotive protective plate
material criteria, the average Spearman’s coefficient is
0.8167 with the SIWEC method, and it becomes 0.8667
with the SIWEC-ROC method. In the fourth case, for
EDM powder material criteria, the average Spearman’s
coefficient is 0.8869 using the SIWEC method, and it
increases to 0.9212 with the SIWEC-ROC method. The
advantages of the SIWEC-ROC method over the original
SIWEC method are even more pronounced during the
sensitivity analysis phase. In this phase, the average
Spearman’s coefficient between MCDM methods across
the four examples are 0.9048, 0.8909, 0.9333, and 0.9722,
respectively, when using the SIWEC-ROC method to
weight the criteria. In contrast, when using the original
SIWEC method to weight the criteria, the corresponding
values for each example are 0.8929, 0.8227, 0.8000, and
0.9278.

By utilizing the SIWEC-ROC method for criterion
weighting, engineers can quickly and accurately determine
the precise ranking of materials for each specific applica-
tion. This not only saves time and costs by eliminating the
need for trial machining processes but also contributes to
improving the quality of product usage from both technical
and economic perspectives.

In summary, this research suggests that the SIWEC-
ROCmethod should be used for criterion weighting instead
of the SIWEC method.

The comparative analysis between SIWEC-ROC and
SIWEC in this study has been limited to four cases within
the domain of material ranking for mechanical
manufacturing. Future research could explore the
performance of SIWEC-ROC and SIWEC in other
application areas. Additionally, future experimental
validation of the proposed method’s application is
needed to firmly establish its advantages and demon-
strate its potential for improving manufacturing process
performance.
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