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Abstract: This paper proposes a novel hybrid model that integrates failure mode and effects analysis
(FMEA), Rank Order Centroid (ROC), and Combined Compromise Solution (CoCoSo) to improve
risk assessment and prioritization of failure modes. A case study in the healthcare sector will be
conducted to validate the effectiveness of the proposed model. ROC is used to assign weights to the
FMEA criteria (severity, occurrence, and detectability). CoCoSo is then applied to create a robust
ranking of failure modes by considering multiple criteria simultaneously. The results of the case
study show that the hybrid FMEA-ROC-CoCoSo model improves the accuracy and objectivity of
risk prioritization. It effectively identifies critical failure modes, outperforming traditional FMEA.
The hybrid approach not only improves risk management decision making, leading to better miti-
gation strategies and higher system reliability, but also reduces the complexity typically found in
FMEA hybrid models. This model provides a more comprehensive risk assessment tool suitable for
application in different industries.

Keywords: hybrid FMEA; ROC; CoCoSo; risk assessment; failure mode prioritization

1. Introduction

Risk assessment plays an important role in managing complex systems, especially in
industries such as manufacturing, healthcare, and transportation. Identifying, evaluating,
and prioritizing risks is critical to improving safety, ensuring system performance, and
minimizing errors. One of the most commonly used risk assessment methods is failure
mode and effects analysis (FMEA). FMEA systematically identifies potential failures in
systems, processes, or products and evaluates their impact based on three factors: severity,
occurrence, and detectability [1-3].

However, the traditional FMEA has several limitations. It relies heavily on the risk
priority number (RPN), which is calculated by multiplying the severity, occurrence, and
detectability values. This approach assumes that these three factors are equally important,
which is not always the case. In addition, FMEA often struggles with the subjectivity of
expert judgment, which leads to inconsistent results. It also does not take into account
the interdependencies between failure modes, which can complicate risk prioritization in
complex systems [4—6].

To overcome these limitations, researchers have explored various improvements and
alternative methods. One approach is the use of multi-criteria decision making (MCDM)
techniques, which enable a more comprehensive risk analysis by considering multiple
criteria simultaneously. Techniques such as the Technique for Order of Preference by
Similarity to Ideal Solution (TOPSIS), VlseKriterijumska Optimizacija I Kompromisno

Algorithms 2024, 17, 585. https:/ /doi.org/10.3390/a17120585

https:/ /www.mdpi.com/journal/algorithms


https://doi.org/10.3390/a17120585
https://doi.org/10.3390/a17120585
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/algorithms
https://www.mdpi.com
https://orcid.org/0000-0002-8526-398X
https://orcid.org/0000-0001-8839-5606
https://doi.org/10.3390/a17120585
https://www.mdpi.com/journal/algorithms
https://www.mdpi.com/article/10.3390/a17120585?type=check_update&version=1

Algorithms 2024, 17, 585

20f 18

Resenje (VIKOR), and Gray Relational Analysis (GRA) have been incorporated into FMEA
to improve the accuracy and reliability of risk assessment. TOPSIS ranks alternatives
based on their distance to an ideal solution, providing a more structured approach to
prioritizing risks. However, it is insensitive to the weighting of the criteria and cannot
fully capture the complexity of the interactions of failure modes. VIKOR, which focuses
on finding a compromise solution between conflicting criteria, improves the balance in
risk prioritization but can still cause problems in systems with strong dependencies. GRA
addresses uncertainty in risk assessment, especially with incomplete information, but can
also fail in environments with complex risk interactions [7-9].

Despite the improvements offered by these multi-criteria decision-making methods
(MCDMs), challenges remain in overcoming the subjectivity and complexity of risk as-
sessments. One of the main problems with traditional FMEA (Failure Modes and Effects
Analysis) is its simplistic approach to weighting the three key factors: severity, occurrence,
and detectability. In the traditional FMEA method, these factors are treated as equally
important, and the Risk Priority Number (RPN) is calculated by simply multiplying the
scores for each factor. This assumes that all failure modes and associated risks can be
accurately assessed with the same weighting for each factor, which is rarely the case in
real-life scenarios [10-12].

In practice, some risks are determined more by their severity (e.g., catastrophic failures
with serious consequences), while others are influenced more by their detectability (e.g.,
hidden problems that are difficult to detect before they cause problems). In some contexts,
where frequent failures, even of low severity, can significantly disrupt operations, the
occurrence of failures could be the deciding factor. Therefore, equal weighting in traditional
FMEA oversimplifies the complexity of risk assessment and leads to an inaccurate prioriti-
zation of risks. This can lead to certain risks being under- or overestimated, reducing the
overall effectiveness of the risk management process [13].

Subjectivity is another important issue in FMEA, as expert judgments are often used
to assign points for severity, occurrence, and detectability. These assessments can vary from
expert to expert, leading to contradictory assessments. The lack of a structured method
for dealing with these subjective inputs leads to further uncertainty, which can distort
the prioritization of risks. In addition, traditional FMEA does not take into account the
interrelationships between failure modes or the influence of multiple factors interacting
with each other, making the assessment of risks in modern, interconnected systems even
more complex [14].

To overcome these challenges, hybrid approaches have been developed that combine
FMEA with advanced decision-making methods. By integrating techniques with MCDM
methods, these hybrid models can address the problem of equal weighting in traditional
FMEA. For example, AHP allows decision makers to assign a different weighting to each
factor depending on its relative importance to ensure that the most critical aspects of the
risk are adequately addressed. This improves the accuracy of risk assessments as it more
realistically reflects the true impact of each failure mode [15].

In addition, hybrid approaches help to mitigate the subjectivity problem by introduc-
ing more structured and systematic procedures for evaluating expert judgment. Methods
such as AHP allow decision makers to make pairwise comparisons, reducing biases and
inconsistencies in evaluation. These hybrid models provide a more nuanced, flexible
framework for prioritizing risks that takes into account both the relative importance of
the different criteria and the interactions between them. This ultimately leads to more
reliable and effective risk prioritization in complex systems [16]. The integration of FMEA
and MCDM increases complexity, especially when the number of failure modes or criteria
increases. Mastering this complexity often requires advanced software tools and a deep
understanding of both methods. As a result, the practical applicability of the model can be
limited, making it difficult for users without specialized training to effectively apply and
interpret the results.
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To address this challenge and improve the weighting process in the FMEA approach,
we propose a novel hybrid FMEA-ROC-CoCoSo model. This model aims to overcome the
limitations of traditional FMEA, especially in assigning appropriate weights to the most
important risk factors: severity, occurrence, and detectability.

By incorporating the Rank Order Centroid (ROC) to more accurately assign weights
based on relative importance and the Combined Compromise Solution (CoCoSo) to effec-
tively rank and prioritize failure modes, this hybrid approach improves the robustness
and precision of risk assessments. The proposed model improves the consistency and
accuracy of risk prioritization and provides a more reliable framework for decision making
in complex systems. The results of this study will demonstrate how the hybrid FMEA-
ROC-CoCoSo model outperforms traditional methods and provides a valuable tool for
industries requiring advanced risk management strategies.

2. Background Research

In this section, a comprehensive literature review is presented, focusing on several
studies that have proposed hybrid models to address the problem of relative weighting be-
tween FMEA risk variables and their different levels of complexity. This topic is particularly
relevant as the industry tends to favor simpler, more user-friendly models and often disre-
gards more complex solutions despite their greater potential for robust problem-solving
capabilities.

Failure mode and effects analysis (FMEA) is widely used in industry to identify,
evaluate, and prioritize failure modes in systems and processes with the aim of reducing
risk and improving reliability. Traditional FMEA methods, while simple and effective in
many cases, struggle with uncertainty, subjectivity, and complex system dependencies.
Hybrid models that integrate techniques such as fuzzy logic, artificial intelligence (AI), and
Bayesian networks have evolved to overcome these limitations. Despite their potential,
the implementation of hybrid FMEA models poses significant challenges to the industry,
ranging from technical difficulties to organizational barriers.

Traditional FMEA uses three key factors—severity (S), occurrence (O), and detection
(D)—to calculate the risk priority number (RPN), which helps prioritize failure modes
based on risk. While effective, this approach suffers from subjectivity in the assignment of S,
O, and D values and a lack of sensitivity to uncertainties inherent in complex systems [17].
The traditional RPN calculation does not fully capture the dependencies between failure
modes and does not provide a method to account for uncertainties in expert judgment.
Furthermore, the linear multiplication of S, O, and D can lead to misleading risk priorities,
highlighting the need for more sophisticated approaches [18].

Hybrid FMEA models integrate various methods to overcome the limitations of tradi-
tional FMEA. These include fuzzy logic, which addresses the subjectivity and uncertainty of
FMEA assessments, and machine learning techniques, which use historical data to predict
failure modes more accurately. Fuzzy logic allows FMEA to incorporate linguistic terms
such as “low”, “medium”, and “high” and convert them into fuzzy numbers to better
handle the inherent ambiguity in risk assessments [19]. This approach refines the RPN
calculation and provides a more nuanced understanding of risk in uncertain environments.
Bayesian networks are probabilistic models that dynamically update risk predictions based
on new data, allowing the industry to continuously refine its failure mode predictions.
This method is especially useful for complex systems where failure modes are interde-
pendent [20]. Neural networks and Al-based models improve FMEA by learning from
historical failure data and improving prediction accuracy. Na ‘amnh et al., for example,
developed an FMEA model based on neural networks that adapts to changes in system
behavior and thus represents a dynamic tool for risk management [21].

The hybridization of FMEA increases its complexity but significantly improves its
usefulness for modern, data-driven industrial applications. However, this complexity also
brings with it numerous implementation challenges [22].
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Implementing hybrid FMEA models requires sophisticated technical expertise, par-
ticularly in dealing with advanced methods such as fuzzy logic, Bayesian networks, and
Al These techniques require specialized knowledge that is not available in many indus-
tries [23]. For example, fuzzy FMEA involves the construction of membership functions
and fuzzy inference systems, which require a deep understanding of fuzzy set theory [20].
Hybrid FMEA models rely heavily on data, particularly historical failure data and system
performance metrics. In industries where such data are unavailable or incomplete, it be-
comes difficult to train machine learning models or construct Bayesian networks [20]. In
addition, the quality of the data can have a significant impact on the accuracy of the model,
making data management a critical issue [24]. Fuzzy logic, Bayesian methods, and machine
learning algorithms are computationally intensive and require advanced hardware and
software infrastructure. For example, Bayesian networks can become computationally
intensive as the complexity of the system increases [25].

The integration of hybrid FMEA models into existing industrial systems represents
a further technical hurdle. Most industries have implemented quality management sys-
tems based on traditional FMEA methods. Switching to hybrid models may require a
significant reconfiguration of these systems as well as new software tools that can handle
fuzzy logic or Al [26]. In addition to the technical challenges, organizational and cultural
barriers often hinder the introduction of hybrid FMEA models. Successful implementation
requires a change in mindset and practice, which can be difficult to achieve in entrenched
organizational cultures [27].

Many industries lack the necessary expertise to implement and maintain hybrid FMEA
models. Specialists in fuzzy logic, Al, and Bayesian analysis are required to design, imple-
ment, and interpret the results of these models. Without proper training and education,
the complexity of hybrid FMEA can overwhelm employees and lead to improper imple-
mentation [27]. Employees who are accustomed to traditional FMEA methods may resist
the introduction of hybrid models, especially if they perceive them to be too complex or
unnecessary. Organizational inertia can slow down the transition and lead to partial or
incorrect implementations [28]. Implementing hybrid FMEA models requires significant
investment in training programs to ensure that employees know how to use these advanced
tools effectively. Industry is often reluctant to allocate resources for training, especially
when the perceived benefits of hybrid FMEA are not immediately clear [27].

One of the main barriers to the adoption of hybrid FMEA models is cost. Traditional
FMEA is relatively inexpensive to implement, whereas hybrid models require investment
in specialized software, hardware, and expertise. In addition, the maintenance of hybrid
systems, which involves continuous data collection and model updating, adds to ongoing
operational costs [29].

Hybrid FMEA models produce complex results that can be difficult for non-experts
to interpret. For example, fuzzy FMEA results are not as easy to interpret as the RPN in
traditional FMEA and often require in-depth knowledge of fuzzy logic to interpret the risk
assessment results. This complexity in interpretation can hinder decision-making processes
as managers may not fully understand or trust the results generated by the hybrid models.
As a result, decision makers may resort to traditional, simpler methods, even if hybrid
FMEA models provide better accuracy and precision [30].

Scaling hybrid FMEA models to large industrial systems can be difficult. For example,
constructing Bayesian networks for highly complex systems involves modeling numerous
dependencies, which can lead to overly complicated and computationally intensive mod-
els [24]. It can be difficult for industries to maintain these models over time, particularly as
system configurations change. Instead of implementing hybrid FMEA models for the entire
system, companies can start with an incremental implementation and focus on high-risk
areas or subsystems where hybrid methods will bring the most benefit. This allows for a
smoother transition and reduces resistance to change as employees can gradually famil-
iarize themselves with the new techniques [31]. Collaboration with academic institutions
can help industries overcome the technical and organizational barriers to adopting hybrid
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FMEA models. Research institutions often have the necessary expertise to develop and
test new methods, and joint projects can give industries access to cutting-edge tools and
techniques [27]. The development of user-friendly software tools can significantly reduce
the complexity of implementing hybrid FMEA models. These tools can hide the underlying
complexity of methods such as fuzzy logic or Bayesian networks and provide intuitive
interfaces that offer actionable insights to decision makers [32]. In addition, automating
data collection and model update processes can reduce the operational burden of maintain-
ing hybrid FMEA models. This can be achieved by integrating hybrid FMEA tools with
industrial Internet of Things (IoT) systems that continuously collect and analyze data in
real time [33].

Hybrid FMEA models offer a significant improvement over traditional FMEA by
removing limitations such as subjectivity, uncertainty, and lack of adaptability in complex
systems. However, their implementation in industry remains a challenge due to technical,
organizational, and financial barriers. Overcoming these challenges requires a combination
of gradual implementation, collaboration with experts, and the development of user-
friendly tools. As the industry evolves and introduces more complex systems, hybrid
FMEA models will play an increasingly important role in ensuring reliability and risk
management. However, the success of these models depends on the industry’s ability
to overcome the complexity of implementation and effectively integrate them into their
existing processes.

3. The Proposed FMEA Model

In this section, we propose a new hybrid FMEA model, FMEA-ROC-CoCoSo, which
not only improves the accuracy and robustness of risk prioritization, but is also character-
ized by its ease of use, which can facilitate its acceptance in the industry. The implemen-
tation of hybrid models, such as the use of fuzzy logic or neural networks, often requires
advanced technical knowledge and high computing power, which is an obstacle for many
organizations [34]. However, by integrating techniques such as Rank Order Centroid (ROC)
and Combined Compromise Solution (CoCoSo), the new model simplifies the assignment
of weights and prioritization of failure modes.

The ROC provides a simple and objective method for calculating weights and removes
subjectivity in the weighting of severity, occurrence, and detection criteria. CoCoSo, in
turn, allows different trade-off solutions to be combined without the need for complex
mathematical operations, providing a clearer and easier-to-understand risk assessment.

This simplification makes the model more accessible and requires less training and
technical infrastructure. Therefore, it has a greater potential to be accepted and imple-
mented by industries that want to improve their risk analysis without investing in overly
complex models. The fact that the model is more intuitive and less dependent on experts
in specific areas of data analysis or advanced mathematics also increases its feasibility
and makes it a practical and efficient option for companies looking to modernize their
risk management.

3.1. Failure Modes and Effects Analysis

Failure modes and effects analysis is a systematic method for identifying potential
failures in a system, product, or process. It assesses the risks based on three key factors:
severity, occurrence, and detection, each of which is rated on a scale of 1 to 10:

Severity (S): measures the impact of the failure, with 10 being the highest level.
Occurrence (O): Indicates how likely it is that the failure will occur, with 10 being
very likely.

e  Detection (D): Indicates how easily the failure can be detected before it occurs, where
10 means it is least likely to be detected.
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These values are multiplied to calculate the risk priority number (RPN), where a
higher RPN means a higher risk:

RPN=S-0-D (1)

In this proposal, the RPN is replaced by a hybrid combination of the Rank Order
Centroid (ROC) method and the Combined Compromise Solution (CoCoSo) method,
which aim to improve risk assessment by removing the limitations of the RPN, such as the
equal weighting of all factors.

3.2. Rank Order Centroid

The Rank Order Centroid (ROC) method was introduced to assign weights in decision
scenarios based on ranking criteria [35]. It provides a simple and effective way to determine
the relative importance of factors by calculating weights from their ranks. This method is
particularly useful in multi-criteria decision making as it avoids assuming equal weights
for all criteria and instead assigns higher weights to the more important factors. The ROC
method calculates the weighting for each criterion using the following formula:

wp= )y @

where w; is the weight for the criterion ranked j, n is the total number of criteria, and k
runs from j to n.

The values obtained from Equation (2) will be used in Equations (6) and (7) with the
aim of assigning different weights to the decision variables. This ensures that in a given
risk scenario, the risk variables (severity, occurrence, and detectability) can be assigned
different weights, allowing for greater flexibility in reflecting the specific characteristics
of each scenario. Such an approach enables the assignment of weights to the FMEA risk
variables and addresses a commonly identified limitation of FMEA, namely, its inability to
assign varying weights to risk variables.

This approach balances simplicity with practicality, making it easier to apply in
situations where subjective judgment is needed to rank criteria.

3.3. Combined Compromise Solution

The Combined Compromise Solution (CoCoSo) method, introduced by Yazdani et al.
in 2019 [36], is a multi-criteria decision-making (MCDM) approach that integrates the
Simple Additive Weighting (SAW) and Weighted Product Model (WPM) techniques to
provide a compromised ranking of alternatives. The method addresses the limitations of
traditional MCDM methods by combining additive and multiplicative strategies, resulting
in a more robust and balanced decision-making process. The CoCoSo method starts with
constructing a decision matrix, where alternatives are evaluated against multiple criteria,
classified as either benefit (where higher values are preferred) or non-benefit (where lower
values are preferred). The data are normalized to ensure comparability, scaling benefit
criteria upwards and non-benefit criteria downwards. It then aggregates normalized values
by combining the SAW and WPM techniques, applying k-values to adjust the influence
of additive and multiplicative strategies or to emphasize specific criteria. This hybrid
approach results in a comprehensive score for each alternative, enabling their ranking and
supporting more effective and objective decision-making.

As previously outlined, the CoCoSo method begins with the construction of the initial
decision matrix:

X=|™ 2 e R g0 m j=1,2,...,n 3)
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The decision matrix X = (xij>m ., establishes a relationship between decision vari-
ables, represented by the index j (with its maximum value denoted as 71), and the alterna-
tives, represented by the index i (with its maximum value denoted as m),ie.,i =1,2,...m
andj=1,2,...,n.

The next step is normalizing the initial decision matrix, where for benefit criteria we
apply the following expression, Equation (4):

Xij_rniin(xij) 1 1, s
rif_m?X(xij)—m}n(xij)’ AR A @

For cost criteria, we apply the following, Equation (5).

l’niaX (xij) — xl-]-

rio= - ; i=1,2,...,m j=1,2,...,n 5
g m?x(xi]-) — rnim(xij) J ©)

The next step is to calculate the sum of the weighted comparability matrix, Equation (6):

Si = Y (w; i) ©)

j=i
and the power of the weighted comparability matrix, Equation (7):
wj

P = Z(”ij) @)
j=i

The next step is to calculate the relative weights of the alternatives using the following
aggregation equations. Equations (8)—(10).

P +5;
kia = mlil (8)
Y (Pi+Si)
i=1
S b
K= min(S) T min(p) ©)
1 1
AS; + (1— A)P; 10)

€™ AmaxS; + (1 — A)maxP;
1 1

The final step is to rank the alternatives according to their k-values, as indicated in
Equation (11), with higher values leading to better rankings.

(e

ki = (kig - kip - kic)3 + 5 (kia + kip + kic) (11)

W =

Based on the calculated compromise ratios, the alternatives are ranked, providing a
more balanced and flexible evaluation compared to traditional methods such as TOPSIS or
VIKOR. The CoCoSo method addresses the problem of rank reversals and allows for a more
accurate assessment of alternatives, especially in situations where there are conflicting or
complex criteria.

In the proposed model, we consider the prioritization of failure modes as a multi-
criteria decision problem. The decision criteria are the FMEA risk variables: severity,
occurrence, and detectability. To ensure a balanced assessment depending on the risk
scenario, the weights for these criteria are determined using the Rank Order Centroid
(ROC) method. These weighted criteria are then used to prioritize the failure modes based
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on their risk assessment. By combining the assigned weights and the multi-criteria CoCoSo
decision method, we create a more robust and systematic approach to ranking the failure
modes and ensure that each failure type is evaluated according to the significance of the
risks associated with it.

Figure 1 shows a clear and practical seven-step process for applying the hybrid FMEA
model to prioritize failure modes. The process starts by evaluating the decision matrix
scores (FMEA scores) and assigning weights to each criterion using the Rank Order Centroid
(ROC) method. Next, the scores are normalized, and a weighted comparability matrix
is created to highlight relationships between failure modes. The matrix’s power is then
calculated to focus on the most important relationships, and the relative weights of the
alternatives are determined. Finally, the failure modes are ranked by importance, helping
organizations focus on the most critical risks.

Step 1 Step 2 Step 3 Step 4
Evaluate the Compute the Compute the Compute the
decision matrix 5| weights given to o normalized - weighted
scores each criterion, input decision comparability
(FMEA scores) according to the matrix matrix
ROC
|
v
Step 5 Step 6 Step 7
Compute the Compute the Compute the
power of the o relative o| Final ranking of
weighted i weighting of the - alternatives
comparability alternatives.
matrix

Figure 1. Flowchart of the proposed model illustrating the calculation sequence for prioritizing
failure modes.

4. An Illustrative Example

To analyze the performance of the proposed model, we refer to the case study of Lu
et al. (2013), who used failure mode and effects analysis (FMEA) to improve safety in the
blood transfusion process [37]. The analysis spans the entire process—from blood collection
to transfusion—focusing on critical stages such as patient identification, blood collection,
and matching. By pinpointing possible “failure modes” at each stage, such as mislabeling
samples or mismatching blood types, the study aims to prevent errors and failures.

A multidisciplinary team conducted the FMEA to ensure risks were evaluated from
various perspectives. Each failure mode was rated based on its severity (impact on patient
safety), likelihood of occurrence, and detectability. Table 1 summarizes the 19 failure modes
identified in the case study and the scores assigned by the team for each FMEA variable.
The table also includes the calculation of the RPN for each failure mode.

This case study has been used in various articles as a means of validating models such
as the fuzzy VIKOR model and the ITHWD model [38]. For this reason, we consider it
acceptable to use the same case study to compare the performance of the proposed model
with the performance of the original RPN model, the fuzzy VIKOR model, and the ITHWD
model. In the paper that introduced the ITHWD model [38], only 11 out of the 19 failure
modes from the original case study were considered. Table 2 presents these 11 selected
failure modes, with numbering consistent with Table 1. In addition to listing the failure
modes, Table 2 also displays the rankings generated by the original RPN, the fuzzy VIKOR
model, and the ITHWD model. The performance of the proposed model is then compared
with these results.
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Table 1. Description of the failure modes considered in the study by Lu et al. [37], assessment of the
risk variables, and the respective RPNs.

FM Failure Mode Description S (0] D RPN Rank
1 Insufficient and/or incorrect clinical information on request form 7 6 3 126 5
2 Blood plasma abuse 6 6 5 180 4
3 Insufficient preoperative assessment of the blood product requirement 7 5 7 245 1
4 Blood group verification incomplete 7 5 3 105
5 No etiology detection samples before blood transfusion 8 7 1 56
6 Non-cancellation of ordering special blood components 7 3 1 21
7 Sample for type and cross drawn from the wrong patient or incorrectly labeled 10 1 2 20
8 Insufficient/unclear information on the sample label 7 2 2 28
9 Delivery of blood sample and/or request form delayed 5 3 6 90
10 Inaccurate cross-matching 10 1 6 60
11 Incorrect blood components issued 10 1 8 80
12 Quality checks not performed on blood products 8 2 5 80
13 Blood components for different patients issued at the same time 8 1 3 24
14 Blood product delivered to the wrong department 10 1 2 20
15 Failure to perform pretransfusion checks 10 1 2 20
16 Preparation time before infusion > 30 min 8 6 5 240 2
17 Transfusion cannot be completed within the appropriate time 7 4 4 112
18 Blood transfusion reaction occurs during the transfusion process 8 4 7 224 3
19 Bags of blood products are improperly disposed of 7 4 4 112

Table 2. Failure modes considered in Liu et al.’s study and their respective rankings according to
RPN, fuzzy VIKOR, and ITHWD.

mMos o b rN TOUE L TUROR  ITRWD
1 7 6 3 126 5 4 4
2 6 6 5 180 4 7 6
3 7 5 7 245 1 2 1
4 7 5 3 105 8 8 10
9 5 3 6 90 9 11 11
11 10 1 8 80 10 1 3
12 8 2 5 80 10 9
16 8 6 5 240 2 5 5
17 7 4 4 112 6 10 7
18 8 4 7 224 3 3 2
19 7 4 4 112 6 8
5. Results

The following text sets out the four main considerations that are essential for an
effective application of the proposed methodology:

1. The first step involves considering FMEA scores as decision-making criteria, followed
by determining their respective weights based on their order of importance within
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the risk scenario context. These relative weights are calculated using the Rank Order
Centroid (ROC) method. Since the CoCoSo method does not provide a specific
methodology for assigning criteria weights, the ROC method emerges as the most
suitable option due to its simplicity and effectiveness, as it assigns weights solely
based on the established order of importance. This approach proves highly practical
in FMEA, especially when compared to more complex alternatives such as the AHP
method, which adds significant complexity without proportional improvements
in results.

2. According to the FMEA framework and variable definitions, severity and occurrence
are considered beneficial variables because higher scores indicate greater criticality
of the failure mode, aligning with the goal of identifying the most critical failure
modes. In contrast, detectability is treated as a non-beneficial variable because higher
scores imply reduced detectability, increasing overall risk. This classification reflects
an inverse relationship with risk reduction. This assignment to the FMEA variables
represents a hybridization of two methods: the FMEA framework through its risk
variables and the CoCoSo model through its cost-benefit criteria. By combining
these approaches, the proposed methodology leverages the strengths of both frame-
works, enabling more accurate and effective failure mode prioritization within the
FMEA process.

3. Classifying detectability as a non-beneficial variable requires adjusting its assigned
values across various failure modes. In the FMEA evaluation, detectability is rated
on an inverse scale: greater detectability corresponds to the lowest value on a 1-to-10
scale (i.e., 1), while lower detectability receives the highest value (i.e., 10). This inverse
relationship follows the RPN calculation principle, where higher detectability leads
to lower RPN values, reducing perceived risk. However, in the CoCoSo method,
all evaluation scales must align under the same paradigm, distinguishing criteria as
either beneficial or non-beneficial. To ensure compatibility, the detectability values
in Table 2 are updated using the transformation: D(new) = 10 — D(old). This step is
crucial, as the lack of this adjustment would compromise the accuracy of failure mode
prioritization. Moreover, this adjustment is essential for the correct hybridization
of the two methods, ensuring consistent application across all cost-type variables
considered in an extended FMEA approach. This includes not only the traditional
FMEA variables—severity (S), occurrence (O), and detectability (D)—but also any
additional cost-related variables introduced in future evaluations.

4. Therefore, the most critical failure mode is the one with the highest contributions in the
variables of severity and occurrence and the lowest contribution in the detectability
variable. This principle will determine the ordering of failure modes in the CoCoSo
ranking, from the most critical (first in rank) to the least critical (last position in
the rank).

Table 3 shows the decision matrix described in Equation (3), with the detectability
variable values already adjusted as explained in the previous section.

The next step is to evaluate the weights given to each criterion. According to the ROC
method, it starts by establishing the order of importance; for this case, we use the typical
order of importance where S is more important that occurrence, and occurrence is more
important than detectability, meaning that S > O > D. In the flow, the weights for the FMEA
variables are calculated.

1/1 1 1
1/1 1

1

wp = ;(3> =0.11 (14)
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The next step is to normalize the input matrix using Equations (4) and (5), depending
on the type of criterion: beneficial or non-beneficial. Table 4 presents the normalized
decision matrix for this case study.

Table 3. Case study decision matrix with D scores modified in line with the CoCoSo method.

Beneficial Beneficial non-Beneficial
FM S (0] D
3 7 5 3
16 8 6 5
18 8 4 3
2 6 6 5
1 7 6 7
17 7 4 6
19 7 4 6
4 7 5 7
9 5 3 4
11 10 1 2
12 8 2 5

Table 4. Normalized input decision matrix.

FM S (0] D
3 0.4 0.8 0.8
16 0.6 1 0.4
18 0.6 0.6 0.8
2 0.2 1 0.4
1 0.4 1 0
17 0.4 0.6 0.2
19 0.4 0.6 0.2
4 0.4 0.8 0
9 0 0.4 0.6
11 1 0 1
12 0.6 0.2 0.4

The next two steps are to obtain the weighted matrix (Table 5) using Equation (6) and
the power weight of comparability matrix (Table 6) using Equation (7).

The next step is to calculate the relative weights of the alternatives using the aggre-
gation equations: Equations (8)—(10) for ka, kb, and kc. Table 7 summarizes the results
obtained for each failure mode.

The final step is to calculate the ranking of the alternatives using Equation (11). Table 8
summarizes the results for the k of the individual alternatives. Table 9 summarizes the
previous results obtained in the work of Liu et al. and the results obtained with the
proposed method.
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Table 5. Weighted comparability matrix.

FM S (0] D Si
3 0.24 0.22 0.09 0.56
16 0.37 0.28 0.04 0.69
18 0.37 0.17 0.09 0.62
2 0.12 0.28 0.04 0.44
1 0.24 0.28 0.00 0.52
17 0.24 0.17 0.02 0.43
19 0.24 0.17 0.02 0.43
4 0.24 0.22 0.00 0.47
9 0.00 0.11 0.07 0.18
11 0.61 0.00 0.11 0.72
12 0.37 0.06 0.04 0.47

Table 6. Power of the weighted comparability matrix.

FM S (0] D Pi
3 0.42 0.66 0.76 1.85
16 0.54 0.70 0.71 1.95
18 0.54 0.61 0.76 191
2 0.28 0.70 0.71 1.68
1 0.42 0.70 0.00 1.12
17 0.42 0.61 0.66 1.69
19 0.42 0.61 0.66 1.69
4 0.42 0.66 0.00 1.08
9 0.00 0.54 0.74 1.28
11 0.74 0.00 0.78 1.52
12 0.54 0.45 0.71 1.70

Table 7. Relative weighting of the alternatives.

FM Ka kb ke

3 2.40 4.83 0.898577
16 2.64 5.68 0.987525
18 2.54 527 0.949089
2 2.13 4.06 0.796917
1 1.65 3.98 0.615862
17 2.12 4.00 0.79308

19 2.12 4.00 0.79308

4 1.55 3.63 0.579312
9 1.46 2.19 0.546813
11 2.25 5.47 0.840452

12 2.16 4.19 0.809837
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Table 8. Final ranking of alternatives.
FM k Rank
3 4.894953 4
16 5.556488 1
18 5.25047 2
2 4.230755 6
1 3.670658 9
17 4.189717 7
19 4189717 7
4 3.398767 10
9 2.602686 11
11 5.030212 3
12 4.333838 5
Table 9. Final ranking comparison.
Rank Rank Rank Ranking
™ S © P RPN RPN Fuzzy VIKOR ITHWD Cocoso S>0>D
3 7 5 7 245 1 2 1 4
16 8 6 5 240 2 5 5 1
18 8 4 7 224 3 3 2 2
2 6 6 5 180 4 7 6 6
1 7 6 3 126 5 4 4 9
17 7 4 4 112 6 10 7 7
19 7 4 4 112 6 9 8 7
4 7 5 3 105 8 8 10 10
9 5 3 6 90 9 11 11 11
11 10 1 8 80 10 1 3 3
12 8 2 5 80 10 6 9 5

6. Discussion

In fact, the application of the proposed hybrid model proved to be quite simple and
fast. Compared to the four models presented in Table 9, only the traditional RPN method
was slightly easier and faster to apply. However, it is important to emphasize that the
FMEA ROC-CoCoSo model was specifically designed to combine ease of use with a more
robust and comprehensive analysis, making it particularly suitable for complex industrial
contexts. This has achieved one of the main objectives that motivated the development
of this hybrid model: to create a practical and efficient tool for industrial environments
where quick and easy implementation is required without compromising the accuracy of
the results. Validation through practical application confirms the suitability of the model
for efficiently solving industrial problems, further increasing its usefulness in production
and risk management scenarios. Regarding the performance of the model, we can observe
the following:

1. Classification of failure modes: comparing the results obtained with the proposed model
for failure modes 11 and 12, we note that the model can assign different classifications
to these failure modes, unlike the traditional RPN method which assigns the same
classification to them. This limitation of the traditional RPN is also overcome by
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the other three methods presented in Table 9. In addition, the critical failure modes
identified by the proposed model are consistent with the expectations from the case
study, especially failure modes 16 and 18, which are ranked first and second, respec-
tively. These failure modes have the highest degree of criticality, which confirms
that the model is able to prioritize the risks in accordance with the real operational
hazards. The ranking is consistent with the weighting of the severity, occurrence,
and detectability variables, which were considered most important for this industrial
context. This correspondence between the results of the model and the expected
prioritization strengthens the reliability and robustness of the FMEA ROC-CoCoSo
model, as it accurately reflects the critical failure modes and ensures that the most
severe risks are identified and effectively addressed. Furthermore, this result demon-
strates the model’s ability to produce a clear and actionable risk hierarchy, which
is essential for decision making in an industrial environment. By classifying failure
modes in a way that is consistent with practical expectations and operational reality,
the model provides a level of reliability and precision that is critical for preventing
system failures and optimizing risk mitigation strategies.

Sensitivity to the weighting of FMEA variables: The proposed model shows a good
sensitivity in the assignment of weights for each FMEA variable. The ranking deter-
mined with the ROC-CoCoSo model clearly reflects the weighting of each variable,
in the order S > O > D (severity > occurrence > detectability). This order was chosen
because it is appropriate for the case study under investigation, in which severity and
probability of occurrence have a greater weight than detectability. It is important that
the order of importance is determined according to the scenario under investigation.
A comparison of failure modes 3 and 16 shows that both the traditional RPN and
ITHWD models rank failure mode 3 first and identify it as the most critical. Failure
mode 16, however, has higher severity and occurrence values, indicating greater
criticality. The reason that failure mode 3 is identified as more critical in these models
is the fact that the detectability variable for failure mode 3 is two points higher than
for failure mode 16. However, this variable is the one with the lowest weight in the
analyzed scenario. Thus, both the RPN and ITHWD models show low sensitivity to
the relative contribution of each variable when their respective weights are considered.
In contrast, the proposed model (FMEA ROC-CoCoSo) is more sensitive and assigns
the first place in the ranking to failure mode 16, which is consistent with its higher
criticality. This sensitivity can also be easily observed in the proposed model for other
failure modes, namely, failure modes 18 and 11.

Coherence between input and output: Another important point to emphasize is the
coherence of the proposed model between the input (classifications assigned to FMEA
variables) and the output (ranking of failure modes). For example, failure modes
17 and 19 have the same classifications in the severity, occurrence, and detectability
variables, i.e., S=7, 0 =4, and D = 4. As the classifications in the FMEA variables
are identical, one would expect them to occupy the same position in the ranking.
However, in the fuzzy VIKOR and ITHWD models, the rankings of these two failure
modes are different. In the fuzzy VIKOR model, failure mode 17 is in 10th place,
while failure mode 19 is in 9th place. In the ITHWD model, failure mode 17 is ranked
7th and failure mode 19 is ranked 8th. This discrepancy in the rankings is not correct,
as the values assigned to the FMEA variables are the same for both failure modes.
Analyzing the performance of the proposed model in this regard shows that the model
has adequate coherence between input and output, as expected. The model assigns
the same rank position to failure types 17 and 19, which correctly reflects the identical
classifications of the FMEA variables. This coherence can also be observed in the RPN
model, which leads to the same result.

The hybrid FMEA-ROC-CoCoSo model is characterized by its combination of simplic-

ity, analytical robustness, and sensitivity to FMEA variables. Practical application shows
that the model is capable of producing coherent and accurate rankings, taking into account
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the weighting of each variable according to the industrial context under study. The model’s
ease of implementation also makes it an effective tool for risk management in industries
where accuracy and rapid application of results are crucial. Its ability to overcome the
limitations of traditional models such as RPN and its consistency in classifying failure
modes with identical values make it a valuable choice for efficiently solving industrial
problems tailored to the specifics of each case.

Despite its advantages, the model is not without its limitations. One of the limitations
of the proposed method lies specifically in the use of the ROC approach in risk scenarios
where the order of importance of risk variables is insufficient to fully characterize their
weights. The ROC method assigns relative weights following a fixed proportion derived
from a specific formulation (Equation (1)), which may not align with the desired distribution
of weights for decision variables in other risk scenarios. Nevertheless, for improving FMEA,
the ROC method proves effective and adequately captures the dominance of each variable
over the others. This balance ensures that the ROC weighting method remains effective in
its application to FMEA. Moreover, its simplicity and ease of use align with the research
objectives of enhancing the traditional FMEA method while maintaining its accessibility, a
key factor in its longstanding adoption across industries.

Moreover, the current study focuses on a specific industrial case study, which may
limit its generalizability to other industries with fundamentally different risk profiles. As
the model is based on predefined weightings for FMEA variables, it needs to be carefully
adapted and validated for new applications, particularly in industries where the relative
importance of severity, occurrence, and detectability can vary widely.

To further refine and extend the applicability of the FMEA-ROC-CoCoSo model, future
research should focus on several areas. First, extending the application of the model to a
wider range of industries will help to verify its generalizability and adaptability to different
operational contexts. Comparative studies comparing the model’s performance with other
advanced risk assessment methods such as neural networks or machine learning-based
models could provide valuable insights into its competitive advantages and limitations.

Secondly, research could investigate dynamic or real-time adjustments to the weighting
system that allow for continuous adaptation to changing operating conditions. This could
improve the model’s responsiveness in environments with rapidly fluctuating risks. Finally,
integrating the model into automated systems or software tools that assist in decision
making could further simplify its application and improve its accessibility and usability
for practitioners.

Innovative Aspects of the Proposed Method

The proposed method introduces several innovative aspects in the prioritization
of failure modes within FMEA. First, this study presents for the first time a combina-
tion of FMEA, ROC, and the CoCoSo method to improve the prioritization of failure
modes. The hypothesis that this integration would lead to improved prioritization was
confirmed by the promising results of the study. As far as the authors are aware, this partic-
ular combination has never been explored before, which is an important contribution to
this topic.

Furthermore, the integration of the ROC method with the CoCoSo model represents a
novel approach that has proven to be excellent in differentiating the weighting of FMEA
variables. The ability to assign weights based on the order of importance of the FMEA
variables proved to be an extremely practical method. This practicality is particularly
valuable because it remains effective regardless of the number of FMEA variables involved,
ensuring scalability and adaptability for different assessment contexts.

Furthermore, the integration of FMEA variables as decision criteria in the CoCoSo
model represents a novel methodological approach that creates a seamless link between
risk assessment and multi-criteria decision making.

Another important contribution of this study is the adaptation of the FMEA scores
determined for each variable within the CoCoSo method to create the decision matrix. This
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process cannot be executed directly as it requires an in-depth analysis of the scope of each
FMEA variable and an adjustment of their scores according to the benefit—cost paradigm
used in the CoCoSo method. The identification of this need and the solution developed for
it represent a valuable addition to the methodological contributions of this work.

By introducing these methodological innovations, the proposed approach successfully
addresses the key challenges associated with traditional FMEA methods while provid-
ing a structured, adaptable, and effective solution for prioritizing failure modes. These
contributions emphasize the originality and practical relevance of the study.

7. Conclusions

The hybrid FMEA model ROC-CoCoSo offers a convincing solution to overcome the
limitations of traditional failure mode analysis in an industrial context. In this study, the
model proved to be both easy to implement and highly effective, particularly when com-
pared to other approaches such as fuzzy VIKOR and ITHWD. While the conventional RPN
method is somewhat simpler and faster, the proposed model provides a more sophisticated
and robust analysis and is therefore better suited for complex industrial environments
where accuracy and depth are critical.

One of the key achievements of the FMEA ROC-CoCoSo model is its ability to maintain
consistency between input and output, particularly in cases where identical failure mode
classifications should result in identical ratings. This is in contrast to other models, such
as fuzzy VIKOR and ITHWD, which show inconsistencies when classifying failure modes
with the same FMEA variable values. By accurately reflecting the assigned weights of
severity, occurrence, and detectability, the proposed model ensures that the most critical
failure modes are correctly prioritized.

In addition, the FMEA ROC-CoCoSo model fills another critical gap in existing meth-
ods: its flexibility in adapting to different industrial scenarios by adjusting the weighting of
the variables. This allows for customized applications in a range of industries and increases
the overall usefulness of the model for risk management and decision making.

The practical implications of this model are significant. The FMEA ROC-CoCoSo
model is a tool that strikes a balance between ease of use and analytical depth, allowing
industry practitioners to perform more accurate and comprehensive failure mode analy-
sis without sacrificing efficiency. This makes it particularly valuable for industries that
face complex risk factors and require accurate prioritization of failure modes to ensure
operational safety and reliability.

The proposed FMEA-ROC-CoCoSo model demonstrates significant advantages but
also presents limitations. The use of the ROC approach, while simplifying weight cal-
culation, may not fully characterize desired weight distributions in risk scenarios where
the order of importance of variables is insufficient. This limitation could affect its ap-
plicability in industries with different risk profiles. Despite this, the method effectively
enhances FMEA by capturing the dominance of risk variables and maintaining simplicity
and ease of use, aligning with the research objectives. Future research should expand its
application to diverse industries, compare its performance with advanced risk assessment
methods such as neural networks or machine learning models, and investigate dynamic
weighting systems to adapt to changing conditions. Integrating the model into automated
decision-making tools could further enhance its accessibility and usability for practitioners.

The FMEA ROC-CoCoSo model provides a balanced and adaptable approach to failure
mode analysis that combines ease of implementation with advanced analytical capabilities.
With further research and development, it has the potential to become a widely used
industrial risk management tool that meets the changing needs of modern industry.

Author Contributions: Conceptualization, V.A. and A.A.; methodology, V.A.; software, V.A.; vali-
dation, V.A. and A.A.; formal analysis, V.A.; investigation, V.A.; resources, V.A.; data curation, V.A.;
writing—original draft preparation, V.A.; writing—review and editing, A.A.; visualization, A.A;
supervision, V.A.; project administration, V.A.; funding acquisition, A.A. All authors have read and
agreed to the published version of the manuscript.



Algorithms 2024, 17, 585 17 of 18

Funding: This work was supported by Fundagao para a Ciéncia e a Tecnologia (FCT), through
IDMEC, under LAETA Base Funding (https://doi.org/10.54499 /UIDP /50022 /2020).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The original contributions presented in the study are included in the
article, further inquiries can be directed to the corresponding authors.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Li, G.; Gao, ]J.; Chen, F. A Novel Approach for Failure Modes and Effects Analysis Based on Polychromatic Sets. Al EDAM 2009,
23, 119-129. [CrossRef]

2. Song, W.; Li, J.; Li, H.; Ming, X. Human Factors Risk Assessment: An Integrated Method for Improving Safety in Clinical Use of
Medical Devices. Appl. Soft Comput. 2020, 86, 105918. [CrossRef]

3. de Aguiar, D.C.; Salomon, V.A.P.; Mello, C.H.P. An ISO 9001 Based Approach for the Implementation of Process FMEA in the
Brazilian Automotive Industry. Int. |. Qual. Reliab. Manag. 2015, 32, 589-602. [CrossRef]

4. Yazdi, M. Enhancing System Safety and Reliability through Integrated FMEA and Game Theory: A Multi-Factor Approach. Safety
2023, 10, 4. [CrossRef]

5. Liu, H.-C,; Liu, L, Liu, N. Risk Evaluation Approaches in Failure Mode and Effects Analysis: A Literature Review. Expert Syst.
Appl. 2013, 40, 828-838. [CrossRef]

6. Liu, H-C,; Li, Z; Song, W.; Su, Q. Failure Mode and Effect Analysis Using Cloud Model Theory and PROMETHEE Method. IEEE
Trans. Reliab. 2017, 66, 1058-1072. [CrossRef]

7. Liu, H-C;; You, ].-X,; Fan, X.-].; Lin, Q.-L. Failure Mode and Effects Analysis Using D Numbers and Grey Relational Projection
Method. Expert Syst. Appl. 2014, 41, 4670-4679. [CrossRef]

8.  Liu, H.-C,; Li, P; You, ].-X.; Chen, Y.-Z. A Novel Approach for FMEA: Combination of Interval 2-Tuple Linguistic Variables and
Gray Relational Analysis: FMEA Using Interval 2-Tuple Grey Relational Analysis. Qual. Reliab. Engng. Int. 2015, 31, 761-772.
[CrossRef]

9. Guo, J.; Lin, Z.; Zu, L.; Chen, J. Failure Modes and Effects Analysis for CO 2 Transmission Pipelines Using a Hesitant Fuzzy
VIKOR Method. Soft Comput. 2019, 23, 10321-10338. [CrossRef]

10. Liu, H.-C.; Chen, X.-Q.; Duan, C.-Y.; Wang, Y.-M. Failure Mode and Effect Analysis Using Multi-Criteria Decision Making
Methods: A Systematic Literature Review. Comput. Ind. Eng. 2019, 135, 881-897. [CrossRef]

11.  Gul, M,; Yucesan, M.; Celik, E. A Manufacturing Failure Mode and Effect Analysis Based on Fuzzy and Probabilistic Risk Analysis.
Appl. Soft Comput. 2020, 96, 106689. [CrossRef]

12. Lo, H.-W.; Liou, J.J. A Novel Multiple-Criteria Decision-Making-Based FMEA Model for Risk Assessment. Appl. Soft Comput.
2018, 73, 684-696. [CrossRef]

13. Carlson, C.S. Effective FMEAs: Achieving Safe, Reliable, and Economical Products and Processes Using Failure Mode and Effects Analysis;
John Wiley & Sons: Hoboken, NJ, USA, 2012; Volume 1.

14. Banghart, M.; Babski-Reeves, K.; Bian, L.; Strawderman, L. Subjectivity in Failure Mode Effects Analysis (FMEA) Severity
Classification within a Reliability Centered Maintenance (RCM) Context. Int. ]. Aviat. Aeronaut. Aerosp. 2018, 5, 2. [CrossRef]

15. Papadopoulos, C.T,; Li, J.; O’Kelly, M.E. A Classification and Review of Timed Markov Models of Manufacturing Systems.
Comput. Ind. Eng. 2019, 128, 219-244. [CrossRef]

16. Yazo-Cabuya, E.J.; Herrera-Cuartas, J.A.; Ibeas, A. Organizational Risk Prioritization Using DEMATE: and AHP towards Sustain-
ability. Sustainability 2024, 16, 1080. [CrossRef]

17. Fabis-Domagala, J.; Domagala, M.; Momeni, H. A Concept of Risk Prioritization in FMEA Analysis for Fluid Power Systems.
Energies 2021, 14, 6482. [CrossRef]

18.  Chakhrit, A.; Djelamda, I.; Bougofa, M.; Guetarni, LH.M.; Bouafia, A.; Chennoufi, M. Integrating Fuzzy Logic and Multi-criteria
Decision-making in a Hybrid FMECA for Robust Risk Prioritization. Qual. Reliab. Eng 2024, 40, 3555-3580. [CrossRef]

19. Cardiel-Ortega, J.J.; Baeza-Serrato, R. Failure Mode and Effect Analysis with a Fuzzy Logic Approach. Systems 2023, 11, 348.
[CrossRef]

20. Tarcsay, B.L.; Barkanyi, A.; Németh, S.; Chovan, T.; Lovas, L.; Egedy, A. Risk-Based Fault Detection Using Bayesian Networks
Based on Failure Mode and Effect Analysis. Sensors 2024, 24, 3511. [CrossRef]

21. Na’amnh, S; Salim, M.B.; Husti, I.; Dar6czi, M. Using Artificial Neural Network and Fuzzy Inference System Based Prediction to
Improve Failure Mode and Effects Analysis: A Case Study of the Busbars Production. Processes 2021, 9, 1444. [CrossRef]

22. Filz, M.-A,; Langner, J.E.B.; Herrmann, C.; Thiede, S. Data-Driven Failure Mode and Effect Analysis (FMEA) to Enhance
Maintenance Planning. Comput. Ind. 2021, 129, 103451. [CrossRef]

23.  Yazdi, M.; Adumene, S.; Zarei, E. Introducing a Probabilistic-Based Hybrid Model (Fuzzy-BWM-Bayesian Network) to Assess the

Quality Index of a Medical Service. In Linguistic Methods Under Fuzzy Information in System Safety and Reliability Analysis; Yazdi,
M., Ed.; Springer International Publishing: Cham, Switzerland, 2022; Volume 414, pp. 171-183, ISBN 978-3-030-93351-7.


https://doi.org/10.54499/UIDP/50022/2020
https://doi.org/10.1017/S089006040900002X
https://doi.org/10.1016/j.asoc.2019.105918
https://doi.org/10.1108/IJQRM-09-2013-0150
https://doi.org/10.3390/safety10010004
https://doi.org/10.1016/j.eswa.2012.08.010
https://doi.org/10.1109/TR.2017.2754642
https://doi.org/10.1016/j.eswa.2014.01.031
https://doi.org/10.1002/qre.1633
https://doi.org/10.1007/s00500-018-3583-1
https://doi.org/10.1016/j.cie.2019.06.055
https://doi.org/10.1016/j.asoc.2020.106689
https://doi.org/10.1016/j.asoc.2018.09.020
https://doi.org/10.15394/ijaaa.2018.1191
https://doi.org/10.1016/j.cie.2018.12.019
https://doi.org/10.3390/su16031080
https://doi.org/10.3390/en14206482
https://doi.org/10.1002/qre.3601
https://doi.org/10.3390/systems11070348
https://doi.org/10.3390/s24113511
https://doi.org/10.3390/pr9081444
https://doi.org/10.1016/j.compind.2021.103451

Algorithms 2024, 17, 585 18 of 18

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Yucesan, M.; Gul, M; Celik, E. A Holistic FMEA Approach by Fuzzy-Based Bayesian Network and Best-Worst Method. Complex
Intell. Syst. 2021, 7, 1547-1564. [CrossRef]

Zheng, Y.; Xu, Z.; Wu, T.; Yi, Z. A Systematic Survey of Fuzzy Deep Learning for Uncertain Medical Data. Artif. Intell. Rev. 2024,
57,230. [CrossRef]

Godina, R; Silva, B.G.R.; Espadinha-Cruz, P. A DMAIC Integrated Fuzzy FMEA Model: A Case Study in the Automotive Industry.
Appl. Sci. 2021, 11, 3726. [CrossRef]

Lo, H.-W.; Shiue, W.; Liou, ].].H.; Tzeng, G.-H. A Hybrid MCDM-Based FMEA Model for Identification of Critical Failure Modes
in Manufacturing. Soft Comput. 2020, 24, 15733-15745. [CrossRef]

El-Taliawi, O.G. Resistance to Organizational Change. In Global Encyclopedia of Public Administration, Public Policy, and Governance;
Farazmand, A., Ed.; Springer International Publishing: Cham, Switzerland, 2022; pp. 11472-11475, ISBN 978-3-030-66251-6.
Chakhrit, A.; Bougofa, M.; Guetarni, LH.M.; Bouafia, A.; Kharzi, R.; Nehal, N.; Chennoufi, M. A Hybrid Integrated Multi-Criteria
Decision-Making Approach for Risk Assessment: A Study of Automotive Parts Industry. Int. J. Qual. Reliab. Manag. 2024, 41,
1020-1043. [CrossRef]

Zhang, P.; Zhang, 7Z.; Gong, D. An Improved Normal Wiggly Hesitant Fuzzy FMEA Model and Its Application to Risk Assessment
of Electric Bus Systems. Appl. Intell. 2024, 54, 6213-6237. [CrossRef]

Shafiee, M.; Enjema, E.; Kolios, A. An Integrated FTA-FMEA Model for Risk Analysis of Engineering Systems: A Case Study of
Subsea Blowout Preventers. Appl. Sci. 2019, 9, 1192. [CrossRef]

Yang, X.; Zhu, Y.; Zhou, T.; Xu, S.; Zhang, W.; Zhou, X.; Meng, X. Integrating Software FMEA and STPA to Develop a Bayesian
Network-Based Software Risk Model for Autonomous Ships. J. Mar. Sci. Eng. 2023, 12, 4. [CrossRef]

Duan, C.; Zhu, M.; Wang, K. Reliability Analysis of Intelligent Manufacturing Systems Based on Improved FMEA Combined
with Machine Learning. J. Intell. Fuzzy Syst. 2024, 46, 10375-10392. [CrossRef]

Wang, F,; Nishtar, Z. Real-Time Load Forecasting and Adaptive Control in Smart Grids Using a Hybrid Neuro-Fuzzy Approach.
Energies 2024, 17, 2539. [CrossRef]

Hatefi, M.A. A New Method for Weighting Decision Making Attributes: An Application in High-Tech Selection in Oil and Gas
Industry. Soft Comput. 2024, 28, 281-303. [CrossRef]

Yazdani, M.; Zarate, P.; Kazimieras Zavadskas, E.; Turskis, Z. A Combined Compromise Solution (CoCoSo) Method for Multi-
Criteria Decision-Making Problems. Manag. Decis. 2019, 57, 2501-2519. [CrossRef]

Lu, Y;; Teng, F; Zhou, ].; Wen, A.; Bi, Y. Failure Mode and Effect Analysis in Blood Transfusion: A Proactive Tool to Reduce Risks.
Transfusion 2013, 53, 3080-3087. [CrossRef]

Liu, H.-C.; You, J.-X,; You, X.-Y. Evaluating the Risk of Healthcare Failure Modes Using Interval 2-Tuple Hybrid Weighted
Distance Measure. Comput. Ind. Eng. 2014, 78, 249-258. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1007/s40747-021-00279-z
https://doi.org/10.1007/s10462-024-10871-7
https://doi.org/10.3390/app11083726
https://doi.org/10.1007/s00500-020-04903-x
https://doi.org/10.1108/IJQRM-01-2023-0010
https://doi.org/10.1007/s10489-024-05458-2
https://doi.org/10.3390/app9061192
https://doi.org/10.3390/jmse12010004
https://doi.org/10.3233/JIFS-232712
https://doi.org/10.3390/en17112539
https://doi.org/10.1007/s00500-023-09282-7
https://doi.org/10.1108/MD-05-2017-0458
https://doi.org/10.1111/trf.12174
https://doi.org/10.1016/j.cie.2014.07.018

	Introduction 
	Background Research 
	The Proposed FMEA Model 
	Failure Modes and Effects Analysis 
	Rank Order Centroid 
	Combined Compromise Solution 

	An Illustrative Example 
	Results 
	Discussion 
	Conclusions 
	References

