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 Fuzzy adaptive resonance theory (ART) is an ART network that is developed 
as one of the alternative methods to evaluate risk priority number (RPN) in 

failure mode and effect analysis (FMEA). Not only is FMEA are common 

technique as an analysis tool in industrial sectors, but also, especially during 

the global emergency COVID-19 pandemic hits, FMEA is used in prevention 
and mitigation measures. Many alternative methods have been proposed. 

However, not many investigations use clustering models such as Fuzzy ART 

in FMEA. This paper aims to provide a comprehensive review and then 

propose a model for systematic risk analysis which implement the fuzzy ART 
model, named clustering- transmission causes and effects analysis (c-TCEA), 

for the prevention and mitigation of infectious diseases. 
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1. INTRODUCTION  

Illnesses brought on by pathogens or their toxic byproducts that are spread from an animal, 

contaminated things, or even an infected person to a vulnerable host are known as infectious diseases. They 

have a significant global burden of disease, disproportionately affecting vulnerable populations. Diarrheal 

diseases, lower respiratory tract infections, malaria, human immunodeficiency virus (HIV) or acquired 

immunodeficiency syndrome (AIDS), and tuberculosis (TB) are leading causes of mortality worldwide. 

Emerging infectious diseases like middle east respiratory syndrome, extensively drug-resistant tuberculosis 

(XDR TB), and Zika virus pose new threats. Preventing and controlling infectious diseases requires a thorough 

understanding of transmission factors, including agent, host, and environmental determinants. 

Infectious diseases, such as coronavirus disease 2019 (COVID-19), still pose life-threatening risks. 

As of July 2023, there are over 836 million cases of COVID-19 around the world [1]. It is very advantageous 

to create interventions that will eliminate and stop the spread of a pandemic strain on the human population. 

However, the rapid spread of the disease gives significant challenges to designing and developing realistic risk 

assessments in order to contain the emergence of the disease. 

According to Covello and Mumpower [2], risk analysis and management have a major role in human 

history when battling against pandemics or endemic diseases, which have been existing for a long time. Covello 

and Mumpower [2] also mentioned that interventions and measures from experts in handling infectious 
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diseases had been placed for centuries. One example is the establishment of policies and laws for isolation and 

quarantine during emergency periods. These were mentioned as a crucial component for the mitigation and 

control of infectious diseases and as one of the societal risk management strategies [3], [4]. 

Modern risk management is seen in practice as a process of risk identification, assessment, and 

prioritizing, followed by a coordinated and cost-effective deployment of resources to reduce, manage, and 

control the likelihood or impact of unfavourable events. Therefore, the failure modes and effect analysis 

(FMEA) are introduced as a method to do risk analysis and management for a broad range of industries. For 

example, transport and automotive [5], [6], agriculture [7], [8], and medical and healthcare [9]–[11]. Many 

variations of the FMEA method are accessible in writing. The general FMEA methodology, however, takes 

into account root causes, failure modes, effect analysis and relationships, as well as corrective actions, when 

implementing FMEA. A straightforward scoring method that uses three indices; severity (S), occurrence (O), 

and detection (D) as inputs and a risk priority number (RPN) as output is used for risk analysis and 

prioritization. 

Risk management in non-healthcare settings for COVID-19 has been the focus [12]. During the 

pandemic, FMEA is also being implemented in the healthcare setting as well. For example, transferring 

protocol in the management of COVID-19 patients [13], assessing the COVID-19 protocols of obstetric 

emergencies [14], and controlling the admission of asymptomatic COVID-19 patients to the emergency 

department [9]. Despite the numerous FMEA implementations in many application fields and various research 

on the risks of infectious disease in healthcare settings, a systematic method for regular risk management of 

infectious disease has not yet been developed. Besides, the transmission of infectious disease cannot be (fully) 

interrupted by using basic precautions of healthcare alone [15]. Therefore, transmission-based precautions can 

be adopted. An innovative method in this approach is the transmission-based risk analysis methodology, where 

fuzzy adaptive resonance theory (ART) will be used to rate and prioritize all the risks, which considers recent 

developments in risk research for the healthcare and non-healthcare environments.  

Thus, fuzzy ART will be used as a tool to explore FMEA from a different approach. The main aim of 

this paper is to outline step-by-step transmission-based risk analysis and management, where the risk is all 

rated and prioritized. This paper is organized into several sections. A summary of duzzy ART will be in section 

2. Section 3 describes the FMEA and the fuzzy ART algorithm applied to FMEA will be further explained. 

Section 4 presents the proposed Fuzzy ART-TCEA. Finally, section 5 concludes the review study purposes.  

 

 

2. FUZZY ART (ADAPTIVE RESONANCE THEORY) 

Carpenter et al. [16] created the algorithm known as fuzzy-ART. Any binary or analogue data can be 

clustered using this neural network model. One of the main causes for the development of fuzzy ART was 

ART 1's inability to classify analogue data, as well as the predictive ART architecture based on ART1 modules. 

ART is a prime example of how developing artificial intelligence (AI) and comprehending 'the brain' 

can work together to benefit both fields. ART draws its inspiration from the cortex and deeper learning 

structures' recurrent organization of information processing. The difficulties of implementing ART on a 

computer should not be confused with the fact that it was inspired by recurrent brain structures [17]. A new set 

of principles that have been realized as quantitative systems and can be applied to problems involving 

prediction, category learning, and recognition have been added to the earlier theory. This has been done through 

a series of developing ART neural network models. 

In order to address clustering and classification problems, ART networks are frequently used.  

A clustering algorithm takes a set of input vectors as input to generate a set of clusters, along with a mapping 

from each input vector to each cluster as output. A specific similarity measure should be used to determine 

which input vectors should be mapped to the same cluster. The interpretation of each input vector mapped to a 

cluster can be indicated by the labelling of the clusters [16]. 

There are several classical ART clustering algorithms, such as ART1, ART2, ART2A, ART3, and 

fuzzy ART [18]–[20].  

- ART1: the basic ART network and its cluster binary inputs. 

- ART2: clusters real-value input patterns. 

- ART2A: a fast version of ART2.  

- ART3: an extension of ART that controls the search process with "chemical transmitters" in a hierarchical 

ART structure. 

Fuzzy ART architecture: fuzzy set theory computations are incorporated into ART1. Instead of the 

crisp operator, uses the fuzzy AND operator. ART adapts to input indefinitely. If the environment and the 

patterns are sufficiently related, new categories can emerge when the environment does not match any of the 

observed patterns [21]. An output and input layer make up the two layers of a typical ART network. There are 

no hidden layers. The dynamics of the network are controlled by an orienting subsystem and an attention 
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subsystem. The orienting subsystem chooses whether to accept a winning neuron (or category) proposed by 

the attention subsystem [22]. According to Pacella et al. [23], by replacing the appearance of the logical AND 

intersection operator (∩) in ART1 with the MIN operator (˄) of fuzzy set theory, the generalization of learning 

both binary and analog input patterns is achieved. 

Fuzzy ART is a framework for adaptive resonance that provides a unified architecture for inputs with 

both binary and continuous values. Fuzzy ART operations only accept binary vectors in ART1 as a special 

case. According to Pacella et al. [23], by replacing the appearance of the logical AND intersection operator 

(∩) in ART1 with the MIN operator (˄) of fuzzy set theory, it is achievable to generalize the learning of both 

binary and analogue input patterns. Suresh and Kaparthi [24], The researcher noted that several modifications 

to ART1 were made as part of the fuzzy ART neural network. The first change was that non-binary input 

vectors could be processed. Secondly, there was a single weight vector connection and finally was applied in 

addition to the vigilance threshold (ρ). A choice parameter (α) and a learning rate (β) are two additional 

parameters that had to be specified. 

 

2.1.  Related research 

Several researchers have looked into applications of fuzzy ART networks. As mentioned in the 

introduction, which is section 1, the fuzzy ART algorithm, was developed by Carpenter et al. [16]. Fuzzy ART 

is known for its incorporation of the computation or ART 1. The major properties of Fuzzy ART were explained 

in [25]. Template properties, reset access properties, access properties, and properties relating to the number 

of list presentations required for weight stability were the four categories into which the properties were 

divided. Next, Georgiopoulos et al. [26] also explained the properties of learning a fuzzy ART variant. In this 

article, they demonstrated that fuzzy ART's fast training times applied to both large and small values of the 

choice parameter. A robust pattern recognition model which possesses robust and invariant properties for the 

fuzzy ART algorithm was developed by Kim et al. [27]. Next, novel geometric concepts adapted from the 

original architecture of fuzzy ART and two fuzzy ART modules ART-a and ART-b linked together via inter-

ART module (fuzzy ARTMAP) were introduced in [28]. Fuzzy ART categories' geometrical interpretation has 

yielded important insights, and more recently, the original framework has been expanded to include new 

geometric ideas. Other than that, a pair of ART modules (ARTMAP neural networks) and fuzzy ART were 

also applied to the electric load-forecasting problem [29]. The fuzzy ART and ARTMAP method have been 

proven to reduce the processing time and improve the quality of the results, compared to the classical 

forecasting methods. Fuzzy ART was used in [30] to estimate a high-performance concrete mix proportion 

model rather than using difficult function approximation methods. Furthermore, fuzzy ART was also applied 

as a similarity analysis and clustering of the FMEA model for solving agriculture problems [31].  

The fuzzy ART algorithm, is known as an unsupervised learning algorithm based on the ART 

algorithm and fuzzy logic, is used for clustering and pattern recognition. It is capable of processing imprecise 

and uncertain data and classifying them into different clusters based on their similarity. Fuzzy ART's 

straightforward and simple architecture makes it simple to explain how the neural network responds to input 

patterns [23]. This is in contrast to other models that find it difficult to explain the input pattern, generate a 

specific output, and being able to learn (without disregarding past learning).  

 

 

3. FAILURE MODE EFFECT ANALYSIS 

FMEA is a technique and instrument for identifying failure causes and predicting their effects. The 

main aims of the FMEA are to evaluate the fundamental causes and effects of failure modes in each component, 

identify potential failure modes, reduce the likelihood of failure modes, and identify what can be avoided. The 

results of FMEA make an easier risk management decision-making [32]. The RPN has three indices: severity 

(S), occurrence (O), and detection (D), and it is used in the FMEA method to identify the cause of the failure [33]. 

Many researchers have used FMEA as a methodology in many applications. Chang [34], a risk assessment 

using a more general RPN methodology was proposed for the preventive analysis of the product design and 

management process. Price et al. [6], a model-based design safety analysis system (based on the FMEA 

method) has provided beneficial results in designing automatic electrical safety analysis tools which have been 

integrated into the software. Besides that, [5] also proposed a systematic risk assessment approach which 

combined FMEA and pessimistic–optimistic fuzzy information axiom (POFIA) to evaluate the risk at the 

railway dangerous goods transportation system. Two different calculation results approaches were compared, 

and the improved approach was proven to be much more reliable than the traditional FMEA approach. Next, 

Sang et al. [7] has improved the FMEA traditional method with a genetic-algorithm-based design of fuzzy 

membership functions and monotone fuzzy rules for risk assessment and analysis the rice production, which 

indirectly improved food safety in the agriculture sector. Another example in the same sector was the edible 

bird nest production quality [8]. Fuzzy FMEA was used as a quality and risk assessment tool during the 
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processing of the edible bird nest. In addition, the number of publications regarding the applications of FMEA 

to healthcare risk analysis is also escalating. For example, in [35], FMEA methodology was used to assess the 

risks for patients who were undergoing radiotherapy treatment. The RPN values were calculated and 

determined whether any safety measures should be proposed for safety improvement and process quality. 

Besides that, FMEA was also used as a tool to anticipate potential failures during the COVID-19 pandemic for 

the admission and transfer of patients in the emergency rooms for everyone's safety, where a traditional FMEA 

was implemented [9]. More examples of FMEA applications in healthcare risk analysis were reviewed in [36] 

to evaluate the improvement of quality and error reduction when employing the FMEA method in the 

healthcare environment.  

However, the traditional FMEA method has many drawbacks in its implementation, as mentioned in 

several publications, for various reasons [37]–[45]. There are three drawbacks shown in: i) risk assessment and 

prioritization problems; ii) complex FMEA worksheet; and iii) complicated application.  

The first drawback in implementing FMEA is risk-assessment and prioritization problems. The 

traditional RPN model used in FMEA has a number of drawbacks, including failing to take into account the 

relative significance of the D, O, and S indices [42], producing similar RPN values for various combinations 

of D, O, and S with different risk implications [43], and making the three risk indices difficult to accurately 

estimate [37], [44]. The mathematical formulas used to calculate RPN values also contain uncertainties [41]. 

The second drawback is related to the complexity of the FMEA worksheet. Due to their large entries, FMEA 

worksheets can become complex and challenging to construct, interpret, and read, making it difficult for FMEA 

users to identify the overall structure [45]. The third drawback is that it can be hard to create, interpret, and 

read the FMEA worksheet. Due to the extensive entries in FMEA worksheets, users are not able to see the 

overall structure of the worksheets [45]. 

Yet, the drawbacks of the traditional FMEA methods can be overcome with improvements by 

modification of the traditional FMEA method, as mentioned. According to Liu et al. [46], there were five 

classifications of risk evaluation approaches in FMEA, which are multi-criteria decision making (MCDM), AI, 

mechanical programming (MP), integrated methods, and others. Generally, the MCDM approach interprets S, 

O, and D as the sub-criteria (or the decision criteria), and decision alternatives were evaluated. In this approach, 

the S, O, and D values can be precise and imprecise. Meanwhile, the AI approach uses intelligent algorithms, 

such as a rule base system, ART, fuzzy rule base system, and fuzzy cognitive map, in FMEA. For the MP 

approach, the S, O, and D values can be precise or usually imprecise. Examples of the techniques that are used 

to prioritize failure modes are fuzzy envelopment analysis and fuzzy-ordered weighted geometric averaging. 

Next, integrated approaches are approaches that aim to combine more than one approach for risk evaluation. 

For example, fuzzy evidential, fuzzy analytical hierarchical process and grey theory. 

In this paper, the focus was on the use of the clustering technique for the analysis of the failure mode 

in FMEA. Vital to note that in [40] where the use of fuzzy ART in FMEA is examined and proves the different 

S, O, and D combinations could result in the same RPN scores. There were several justifications for the benefits 

of applying clustering techniques to FMEA stated in [31]. Firstly, clustering directly addressed the initial S, O, 

and D values. Next, comparison or visualization of failure modes as informational clusters in the S, O, and D 

spaces was made possible by clustering. Additionally, loss or modification of crucial information for decision-

making was prevented by using the original S, O, and D scores rather than the S, O, and D scores that have 

been mapped into a common domain. There are many popular clustering approaches, such as k-means 

clustering [47], fuzzy c-means [48], and fuzzy ART [16]. The use of fuzzy ART for clustering failure modes 

in FMEA into different groups will be implemented in the proposed implementation, where its adaptive and 

incremental learning properties and the failure modes will be prioritized. 

 

3.1.  Fuzzy ART-FMEA 

For this section, the fuzzy ART algorithm that is applied to FMEA and RPNs, will cluster and be 

further described. The fuzzy art model for FMEA is shown in [40]. In Figure 1, xi,j is the input of the model, 

Cs represents the failure mode classes and wi,j,s weight between Layers 1 and 2. Additionally, it determines 

whether each input value at Layer 1 belongs to another class at Layer 2. 

For each input, the severity, occurrence and detection values that compose the RPN value are assessed 

independently. Although RPN values are equivalent to one another, FMEA values are assessed independently 

using severity, detection, and occurrence values rather than a multiple of these factors. Hence, RPN values 

constitute the inputs as a result, and the system is shown with each input individually as (S, O, D). In each 

event, a three-data input (S, O, D) input is presented to the system by effective parameter results from the 

application of FMEA to test problems, and related inputs are clustered according to the three indices.  

Figure 2 shows the flowchart of the fuzzy ART FMEA methodology. There are 11 steps in this 

methodology. Step 1 is normalization. Each of the three input values I(i,j), which are S, O and D, is normalized 

by using (1): 
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Figure 1. Modelling FMEA methodology by fuzzy ART [40] 

 

 

𝑁𝐼𝑖,𝑗 =
𝐼(𝑖,𝑗)−𝑚𝑖𝑛(𝑗)

𝑚𝑎𝑥(𝑗)−𝑚𝑖𝑛(𝑗)
  (1) 

 

where i: 1→n, n is the maximum failure mode number, j: i) severity (S), ii) occurrence (O), and iii) detection (D) 

NIi,j represents the normalized input value.  

Step 2 is determined the parameter. The values of α, ρ and β parameters will be given. Following are the 

parameter intervals for any fuzzy ART problem: 

i). Vigilance threshold, ρ 

Responsible for the number of classes (0<ρ≤1). 

ii). Choice parameter, α 

Effective in class selection (0<α≤1) 

iii).Learning rate, β 

Controlling the classification's pace (0<β≤1) 

The user defines the parameters, and the choice of parameters is based on the type of problem. 

Step 3 is the determination of initial weights for Fuzzy ART FMEA. First, all weights are assigned a value of 

1. Class, Cs number is set as s=1. 

 

𝑤𝑖,𝑗,𝑠(0) = 1 𝑎𝑛𝑑 𝑠 = 1 𝑓𝑜𝑟 ∀𝑖, 𝑗  (2) 

 

Step 4 is the representation of to the network's input values. Input vector (x) (normalized values of input triple) 

is designated to the network: 

 

 𝑥: ∀𝑖, 𝑗 ∈ (0,1)  (3) 

 

Step 5 is the computation of the choice function value. The following defines the choice function Ti,j,s . 

 

𝑇𝑖,𝑠(𝑁𝐼) =
∑ (𝑁𝐼𝑖,𝑗⋀𝑤𝑖,𝑗,𝑠)3

𝑗=1

𝛼+∑ 𝑤𝑖,𝑗,𝑠
3
𝑗=1

  (4) 

 

where ‘˄’ is fuzzy ‘AND’ operator and (x˄y) = min (x,y). 

Step 6 is the selection of the maximum choice function value (T*): The value with the highest choice function 

is chosen. 

 

𝑇∗ = max{𝑇𝑖,𝑠: 𝑠 = 1,2, … , 𝑚}  (5) 

 

Step 7 is the matching test. In this step, the matching test determines the appropriate input's class. In (6) is used 

to calculate the matching function: 

 

𝑀𝑖,𝑠(𝑇∗) =
∑ (𝑁𝐼𝑖,𝑗 ⋀ 𝑤𝑖,𝑗,𝑠)3

𝑗=1

∑ 𝑁𝐼𝑖,𝑗
3
𝑗=1

  (6) 

 

There are a few conditions that need to be followed.  
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If Mi,s ≥ρ⟹Ti,s is passing the test. Hence, the ith failure mode is added to the existing class Cs. Then, 

go directly to step 9.  

If Mi,s<ρ⟹Ti,s is not passing the test. Then, do step 8. 

Step 8 is resetting. The choice function value is set as Ti,s=-1 and then goes back to step 6. Control the Ti s 

value that is the next highest. So that all of the Ti,s values will undergo the matching test. For the current input, 

a new class will be created if none of the Ti,s pass the test. Hence, ith failure mode is added to a new class Cs+1. 

Next, repeat step 4 with the next input. 

Step 9 is updating weights. The following equation is used to update the input weights of the existing inputs. 
 

𝑤𝑖,𝑗,𝑠
(𝑛𝑒𝑤)

= 𝛽(𝑁𝐼𝑖,𝑗⋀𝑤𝑖,𝑗,𝑠
(𝑜𝑙𝑑)

) + (1 − 𝛽)𝑤𝑖,𝑗,𝑠
(𝑜𝑙𝑑)

  (7) 

 

 

 
 

Figure 2. Fuzzy ART-FMEA methodology 
 

 

The algorithm continues with the subsequent input at step 4 in step 10, repeating these steps until all 

the data has been assigned to one or more classes. Step 11 is the prioritization of classes. The failure classes 

obtained should be prioritized. In prioritization, the arithmetic mean of the input values in each class is used. 

Classes are ranked by their priority and labeled accordingly. The described methodology will be carried out by 

a computer program written in MATLAB. This fuzzy ART FMEA algorithm, Keskin and Özkan [40], will be 

implemented in a non-healthcare setting which is the Central Teaching Facilities, Universiti Malaysia Sarawak. 

The attention of this implementation is to propose risk management of an infectious disease, which is for 

COVID-19 management in teaching facilities. 

Tables 1 to 3 shows example of the S, O, and D scales for this case study, respectively. There are three 

columns in each scale table, which consist of "Ranking", Linguistic Term", and "Descriptions". Meanwhile, 

the score intervals shown in the "Ranking column" are from 1 to 10. This table will be use for the proposed 

implementation. 
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Table 1. Ranking of severity 
Ranking Linguistic term Descriptions 

1 Negligible - Students and staff maintain health practices and standard precautions 

- All students and staff are fully vaccinated 

- Frequently cleaning and disinfecting touched objects and surfaces 

2-3 Marginal - Students and staff maintain health practices and standard precautions 

- All students and staff are fully vaccinated 

- Occasionally cleaning and disinfecting touched objects and surfaces 

4-6 Moderate - Students and staffs occasionally apply health practices and standard precautions 

- The majority of students and staff are fully vaccinated 

- Occasionally cleaning and disinfecting touched objects and surfaces 

7-8 Critical - Students and staffs rarely apply health practices and standard precautions 

- A minority of students and staff are fully vaccinated 

- Rarely cleaning and disinfecting touched objects and surfaces 

9-10 Catastrophic - Students and staff do not apply health practices and standard precautions 

- None of the students and staff received vaccines 

- Cleaning and disinfecting touched objects and surface only when required 

 

 

Table 2. Ranking of occurrence 
Ranking Linguistic term Descriptions 

1 Very low - High confidence that all humans are not infected 

- High confidence that objects or surfaces are not contaminated 

- Close communication is avoidable 

2-4 Low - High confidence that all humans are not infected 

- High confidence that objects or surfaces are not contaminated 

- Close communication is hard to be avoided 

5-6 Medium - Low confidence that all humans are not infected 

- Low confidence that objects or surfaces are not contaminated 

- Close communication is hard to be avoided 

7-8 High - Low confidence that all humans are not infected 

- Objects or surfaces contamination can hardly be avoided 

- Close communication is hard to be avoided 

9-10 Very high - Low confidence that all humans are not infected 

- Objects or surfaces contamination can hardly be avoided 

- Crowded places, close-contact settings, confined and enclosed spaces 

 

 

Table 3. Ranking of detection 
Ranking Linguistic term Descriptions 

1-2 Very high - Very high probability that transmission of COVID-19 will be detected 

3-5 High - High probability that transmission of COVID-19 will be detected 

6-8 Medium - The moderate probability that transmission of COVID-19 will be detected 

9 Low - Low probability that transmission of COVID-19 will be detected 

10 Very low - Very low (or zero) probability that transmission of COVID-19 will be detected 

 

 

The scale table of S is designated to rate the transmission effects based on a risk group with reference 

to the lifestyle, medical history of COVID-19 interests and crucial health indicators. There are several possible 

risk factors for morbidity and mortality led by the COVID-19 virus. Stated that the risk factors could be 

classified into five categories, such as demographic factors, developed comorbidities, pre-existing 

comorbidities, lifestyle factors and clinical factors [49], [50]. 

The scale table of O is designated to rate the likelihood of transmission-cause occurrence. There are 

two factors taken into account when designing the table of occurrence. First, the degree of confidence in 

preventing humans, objects or even surfaces that have been exposed to COVID-19 from accessing the CTF1 

and 2 premises. Secondly, the assessment of the likelihood that humans, objects, or surfaces may spread the 

virus to other humans or objects by considering the nature of everyday work activities, social interactions, and 

environments.  

Meanwhile, the scale table for D is designated to examine the effectiveness of the suggested strategies. 

The cleaning and disinfection protocols, the risk and symptom screening protocols, and personal protective 

equipment are among the aspect that affects the effectiveness of the strategies [51]–[54]. The proposed 

implementation will be further discussed in the next section. 
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4. PROPOSED CLUSTERING-TRANSMISSION CAUSE EFFECT ANALYSIS (c-TCEA) 

Figure 3 shows the flowchart of the proposed c-TCEA. Meanwhile, Figure 4 shows the summary 

flowcharts of the proposed c-TCEA. The data will be collected by observing the implementation area of the 

case study, which is the central teaching facilities 1 and 2, Universiti Malaysia Sarawak (CTF 1 and CTF 2). 

The data will act as input into the c-TCEA system, where discussion and brainstorming with an expert from 

the Faculty of Medicine and Health Sciences of UNIMAS is needed to construct an FMEA table. A part of the 

constructed FMEA table worksheet is shown in Table 4. 

Transmission of the COVID-19 virus spreads rapidly when health practices and standard precautions 

are not taken seriously. Hence, this research is carried out to understand the transmission of COVID-19 and 

manage any possible risks. The highlights of the worksheet are the COVID-19 transmission potentials, effects, 

and causes. The scale table for S, O and D is shown in the previous section in Tables 1 to 3, respectively. This 

scales table act as an aid for the experts in determining the rate of the highlights point in the worksheet. 

 

 

 
 

Figure 3. c-TCEA flowchart 

 

 

After the information has been gathered and evaluated by the experts, it will be inputted by using the 

fuzzy ART algorithm in order for the data to be clustered, as mentioned in the previous section. The fuzzy ART 

algorithm allows the failure modes (transmission potentials) to be clustered into different groups effectively, even 

if a new failure mode(s) is included. Each group of failure modes (transmission potentials) is ranked and 

prioritized according to its arithmetic mean. Additionally, the risk ranking of several sets of failure mechanisms 

will be examined. The examination tries to offer more details, such as if one group of failure modes poses a greater 

risk than another group of failure modes. In contrast to relying solely on the traditional FMEA table assessment, 

the examination results will allow the expert to implement targeted actions aimed at minimizing the risks 

associated with the COVID-19 disease, leading to a more quick and effective mitigation plan. 
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Figure 4. Summary charts of proposed c-TCEA 

 

 

Table 4. Example of the worksheet 
Area Functions 

and 

description 

Transmissi

on 

potentials 

ID Transmission 

Effects 

SE

V 

Transmission 

Causes 

OC

C 

Control/prevention 

strategy 

D

E

T 

R

P

N 

Dewan 

Kuliah 

Large hall 

with 

teaching 

facilities 

Social 

interaction at 

a close 

distance, 

which 

involves 2 

and more 

students and 

staff 

members 

TP.

1 

Students, 

lecturers and 

CTFs staffs 

 •Close-

distance 

conversation 

without 

wearing a 

facemask 

•Physical and 

social 

interaction 

e.g., 

handshakes 

•Fail to take 

serious 

precautionary 

measures 

 •Restrict 

unnecessary 

conversation 

among students 

and staff members 

without wearing a 

mask 

•Students sit at 

their designated 

place, which 

applies the social 

distancing rule 

•Make sure no 

symptoms taking 

the body 

temperature daily 

(<37.5 °C) 

  

 

 

5. CONCLUSION 

In conclusion, this study discusses the use of fuzzy ART for clustering failure modes within FMEA. 

Fuzzy ART is used to improve the effectiveness and adaptability of the failure mode classification, allowing it 

to easily accommodate new failures. The drawbacks of traditional FMEA techniques are expected to be 

successfully addressed by this method. Additionally, the fuzzy ART FMEA framework that has been proposed 

shows promising for improving risk management tactics for infectious diseases like COVID-19. The 

parameters of the algorithm for infectious disease risk assessment could be adjusted, comparisons to traditional 

FMEA could be made, such as real-time risk assessment during outbreaks could be explored, and ethical issues 

could be addressed. Additionally, including a wide range of data sources could improve the fuzzy ART FMEA 

framework's predictive abilities and make it applicable to a variety of scenarios. 

 



Indonesian J Elec Eng & Comp Sci  ISSN: 2502-4752  

 

Fuzzy adaptive resonance theory failure mode effect analysis non-healthcare setting … (Aysha Samjun) 

245 

ACKNOWLEDGEMENTS 

The authors would like to express their gratitude to Universiti Malaysia Sarawak and the Ministry of 

Higher Education, Malaysia, for supporting this research through Technology and Engineering 

FRGS/1/2021/TK0/UNIMAS/03/4 with Project ID F02/FRGS/2153/2021. 
 

 

REFERENCES 
[1] “Weekly epidemiological update on COVID-19 - 15 February 2022,” World Healt Organization, 2022. 

https://www.who.int/publications/m/item/weekly-epidemiological-update-on-covid-19---15-february-2022 (accessed Jul. 20, 2023). 

[2] V. T. Covello and J. Mumpower, “Risk analysis and risk management: an historical perspective,” Risk Analysis, vol. 5, no. 2,  

pp. 103–120, 1985, doi: 10.1111/j.1539-6924.1985.tb00159.x. 

[3] G. A. Tadesse et al., “Severity detection tool for patients with infectious disease,” Healthcare Technology Letters, vol. 7, no. 2,  

pp. 45–50, 2020, doi: 10.1049/htl.2019.0030. 

[4] N. M. Ferguson et al., “Strategies for containing an emerging influenza pandemic in Southeast Asia,” Nature, vol. 437, no. 7056, 

pp. 209–214, 2005, doi: 10.1038/nature04017. 

[5] W. Huang and Y. Zhang, “Railway dangerous goods transportation system risk assessment: an approach combining FMEA with 

pessimistic-optimistic fuzzy information axiom considering acceptable risk coefficient,” IEEE Transactions on Reliability, vol. 70, 

no. 1, pp. 371–388, 2021, doi: 10.1109/TR.2020.2973431. 

[6] C. J. Price, N. A. Snooke, and S. D. Lewis, “A layered approach to automated electrical safety analysis in automotive environments,” 

Computers in Industry, vol. 57, no. 5, pp. 451–461, 2006, doi: 10.1016/j.compind.2006.02.001. 

[7] A. J. Sang, K. M. Tay, C. P. Lim, and S. Nahavandi, “Application of a genetic-fuzzy FMEA to rainfed lowland rice production in 

sarawak: Environmental, health, and safety perspectives,” IEEE Access, vol. 6, no. November, pp. 74628–74647, 2018,  

doi: 10.1109/ACCESS.2018.2883115. 

[8] C. H. Jong, K. M. Tay, and C. P. Lim, “Application of the fuzzy failure mode and effect analysis methodology to edible bird nest 

processing,” Computers and Electronics in Agriculture, vol. 96, no. December 2017, pp. 90–108, 2013,  

doi: 10.1016/j.compag.2013.04.015. 

[9] B. Teklewold, D. Anteneh, D. Kebede, and W. Gezahegn, “Use of failure mode and effect analysis to reduce admission of 

asymptomatic covid-19 patients to the adult emergency department: An institutional experience,” Risk Management and Healthcare 

Policy, vol. 14, pp. 273–282, Jan. 2021, doi: 10.2147/RMHP.S284835. 

[10] S. Day, J. Dalto, J. Fox, A. Allen, and S. Ilstrup, “Utilization of failure mode effects analysis in trauma patient registration,” Quality 

Management in Health Care, vol. 16, no. 4, pp. 342–348, 2007, doi: 10.1097/01.QMH.0000296296.29310.be. 

[11] K. Batbayar, M. Takács, and M. Kozlovszky, “Medical device software risk assessment using FMEA and fuzzy linguistic approach: 

Case study,” in SACI 2016 - 11th IEEE International Symposium on Applied Computational Intelligence and Informatics, 

Proceedings, Jul. 2016, pp. 197–202, doi: 10.1109/SACI.2016.7507369. 

[12] M. Belingheri, M. E. Paladino, and M. A. Riva, “COVID-19: Health prevention and control in non-healthcare settings,” 

Occupational Medicine, vol. 70, no. 2, pp. 82–83, 2020, doi: 10.1093/occmed/kqaa048. 

[13] S. Sevastru, S. Curtis, L. E. Kole, and P. Nadarajah, “Failure modes and effect analysis to develop transfer protocols in the 

management of COVID-19 patients,” British Journal of Anaesthesia, vol. 125, no. 2, pp. e251–e253, Aug. 2020,  

doi: 10.1016/j.bja.2020.04.055. 

[14] S. Curtis, R. Flower, L. E. Kole, and P. Nadarajah, “Failure modes and effects analysis to assess COVID-19 protocols in the 

management of obstetric emergencies,” BMJ Simulation and Technology Enhanced Learning, vol. 7, no. 4, pp. 259–261, 2021,  

doi: 10.1136/bmjstel-2020-000747. 

[15] M. Fawzy, A. Hasham, M. H. Houta, M. Hasham, and Y. A. Helmy, “COVID-19: Risk assessment and mitigation measures in 

healthcare and non-healthcare workplaces,” German Journal of Microbiology, vol. 1, no. 2, pp. 19–28, 2021,  

doi: 10.51585/gjm.2021.2.0007. 

[16] G. A. Carpenter, S. Grossberg, and D. B. Rosen, “Fuzzy ART: Fast stable learning and categorization of analog patterns by an 

adaptive resonance system,” Neural Networks, vol. 4, no. 6, pp. 759–771, 1991, doi: 10.1016/0893-6080(91)90056-B. 

[17] M. Blume and S. C. Esener, “An efficient mapping of fuzzy ART onto a neural architecture,” Neural Networks, vol. 10, no. 3,  

pp. 409–411, 1997, doi: 10.1016/S0893-6080(96)00085-8. 

[18] T. Frank, K. F. Kraiss, and T. Kuhlen, “Comparative analysis of fuzzy ART and ART-2A network clustering performance,” IEEE 

Transactions on Neural Networks, vol. 9, no. 3, pp. 544–559, 1998, doi: 10.1109/72.668896. 

[19] G. A. Carpenter and S. Grossberg, “Art 2: self-organization of stable category recognition codes for analog input patterns,” Applied 

Optics, vol. 26, no. 23, pp. 4919–4930, 1987, doi: 10.1364/ao.26.004919. 

[20] R. Kondadadi and R. Kozma, “A modified fuzzy ART for soft document clustering,” Proceedings of the International Joint 

Conference on Neural Networks, vol. 3, pp. 2545–2549, 2002, doi: 10.1109/ijcnn.2002.1007544. 

[21] G. A. Keskin, S. Ilhan, and C. Özkan, “The fuzzy ART algorithm: A categorization method for supplier evaluation and selection,” 

Expert Systems with Applications, vol. 37, no. 2, pp. 1235–1240, Mar. 2010, doi: 10.1016/j.eswa.2009.06.004. 

[22] T. Barszcz, A. Bielecki, and M. Wójcik, “ART-type artificial neural networks applications for classification of operational states in 

wind turbines,” Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial Intelligence and Lecture Notes 

in Bioinformatics), vol. 6114 LNAI, no. PART 2, pp. 11–18, 2010, doi: 10.1007/978-3-642-13232-2_2. 

[23] M. Pacella, Q. Semeraro, and A. Anglani, “Manufacturing quality control by means of a fuzzy ART network trained on natural process 

data,” Engineering Applications of Artificial Intelligence, vol. 17, no. 1, pp. 83–96, 2004, doi: 10.1016/j.engappai.2003.11.005. 

[24] N. C. Suresh and S. Kaparthi, “Performance of fuzzy ART neural network for group technology cell formation,” International 

Journal of Production Research, vol. 32, no. 7, pp. 1693–1713, 1994, doi: 10.1080/00207549408957030. 

[25] J. Huang, M. Georgiopoulos, and G. L. Heileman, “Properties of learning in fuzzy ART,” in Proceedings of 1994 IEEE International 

Conference on Neural Networks (ICNN’94), 1994, vol. 2, pp. 756–761, doi: 10.1109/ICNN.1994.374272. 

[26] M. Georgiopoulos, I. Dagher, G. L. Heileman, and G. Bebis, “Properties of learning of a fuzzy ART Variant,” Neural Networks, 

vol. 12, no. 6, pp. 837–850, 1999, doi: 10.1016/S0893-6080(99)00031-3. 

[27] M. H. Kim, D. S. Jang, and Y. K. Yang, “A robust-invariant pattern recognition model using fuzzy ART,” Pattern Recognition, 

vol. 34, no. 8, pp. 1685–1696, 2001, doi: 10.1016/S0031-3203(00)00061-3. 

[28] G. C. Anagnostopoulos and M. Georgiopoulos, “Category regions as new geometrical concepts in fuzzy-ART and fuzzy-

ARTMAP,” Neural Networks, vol. 15, no. 10, pp. 1205–1221, 2002, doi: 10.1016/S0893-6080(02)00063-1. 

 



                ISSN: 2502-4752 

Indonesian J Elec Eng & Comp Sci, Vol. 33, No. 1, January 2024: 236-247 

246 

[29] M. L. M. Lopes, C. R. Minussi, and A. D. P. Lotufo, “Electric load forecasting using a fuzzy ART&ARTMAP neural network,” 

Applied Soft Computing Journal, vol. 5, no. 2, pp. 235–244, 2005, doi: 10.1016/j.asoc.2004.07.003. 

[30] F. H. Chiew, C. K. Ng, K. C. Chai, and K. M. Tay, “A fuzzy adaptive resonance theory-based model for mix proportion estimation 

of high-performance concrete,” Computer-Aided Civil and Infrastructure Engineering, vol. 32, no. 9, pp. 772–786, 2017,  

doi: 10.1111/mice.12288. 

[31] K. M. Tay, C. H. Jong, and C. P. Lim, “A clustering-based failure mode and effect analysis model and its application to the edible 

bird nest industry,” Neural Computing and Applications, vol. 26, no. 3, pp. 551–560, 2015, doi: 10.1007/s00521-014-1647-4. 

[32] Z. Chen, K. M. Feng, G. S. Zhang, T. Yuan, and C. H. Pan, “Preliminary safety research for CH HCSB TBM based on FMEA 

method,” Fusion Engineering and Design, vol. 83, no. 5–6, pp. 743–746, 2008, doi: 10.1016/j.fusengdes.2008.05.046. 

[33] H. Liu, X. Deng, and W. Jiang, “Risk evaluation in failure mode and effects analysis using fuzzy measure and fuzzy integral,” 

Symmetry, vol. 9, no. 8, 2017, doi: 10.3390/sym9080162. 

[34] K. H. Chang, “Evaluate the orderings of risk for failure problems using a more general RPN methodology,” Microelectronics 

Reliability, vol. 49, no. 12, pp. 1586–1596, 2009, doi: 10.1016/j.microrel.2009.07.057. 

[35] S. Broggi et al., “Application of failure mode and effects analysis (FMEA) to pretreatment phases in tomotherapy,” Journal of 

Applied Clinical Medical Physics, vol. 14, no. 5, pp. 265–277, 2013, doi: 10.1120/jacmp.v14i5.4329. 

[36] H.-C. Liu, “FMEA for proactive healthcare risk analysis: a systematic literature review,” in Improved FMEA Methods for Proactive 

Healthcare Risk Analysis, Springer Singapore, 2019, pp. 15–45. 

[37] J. Puente, P. Priore, I. Fernandez, N. García, D. D. L. Fuente, and R. Pino, “On improving failure mode and effects analysis (FMEA) 

from different artificial intelligence approaches,” in Proceedings of the 2014 International Conference on Artificial Intelligence, 

ICAI 2014 - WORLDCOMP 2014, 2014, pp. 484–490. 

[38] J. Ivančan and D. Lisjak, “New FMEA risks ranking approach utilizing four fuzzy logic systems,” Machines, vol. 9, no. 11, 2021, 

doi: 10.3390/machines9110292. 

[39] H. C. Liu, J. X. You, S. Chen, and Y. Z. Chen, “An integrated failure mode and effect analysis approach for accurate risk assessment 

under uncertainty,” IIE Transactions (Institute of Industrial Engineers), vol. 48, no. 11, pp. 1027–1042, 2016,  

doi: 10.1080/0740817X.2016.1172742. 

[40] G. A. Keskin and C. Özkan, “An alternative evaluation of FMEA: fuzzy ART algorithm,” Quality and Reliability Engineering 

International, vol. 25, no. 6, pp. 647–661, Oct. 2009, doi: 10.1002/qre.984. 

[41] S. Jomthanachai, W. P. Wong, and C. P. Lim, “An application of data envelopment analysis and machine learning approach to risk 

management,” IEEE Access, vol. 9, pp. 85978–85994, 2021, doi: 10.1109/ACCESS.2021.3087623. 

[42] J. B. Bowles and C. E. Peláez, “Fuzzy logic prioritization of failures in a system failure mode, effects and criticality analysis,” 

Reliability Engineering and System Safety, vol. 50, no. 2, pp. 203–213, 1995, doi: 10.1016/0951-8320(95)00068-D. 

[43] K. M. Tay and C. P. Lim, “Fuzzy FMEA with a guided rules reduction system for prioritization of failures,” International Journal 

of Quality and Reliability Management, vol. 23, no. 8, pp. 1047–1066, 2006, doi: 10.1108/02656710610688202. 

[44] H. C. Liu, L. Liu, and Q. L. Lin, “Fuzzy failure mode and effects analysis using fuzzy evidential reasoning and belief rule-based 

methodology,” IEEE Transactions on Reliability, vol. 62, no. 1, pp. 23–36, 2013, doi: 10.1109/TR.2013.2241251. 

[45] M. C. Signor, “The failure-analysis matrix: a kinder, gentler alternative to FMEA for information systems,” Proceedings of the 

Annual Reliability and Maintainability Symposium, vol. 00, pp. 173–177, 2002, doi: 10.1109/rams.2002.981637. 

[46] H. C. Liu, L. Liu, and N. Liu, “Risk evaluation approaches in failure mode and effects analysis: a literature review,” Expert Systems 

with Applications, vol. 40, no. 2, pp. 828–838, 2013, doi: 10.1016/j.eswa.2012.08.010. 

[47] C. Y. Duan, X. Q. Chen, H. Shi, and H. C. Liu, “A new model for failure mode and effects analysis based on k-means clustering 

within hesitant linguistic environment,” IEEE Transactions on Engineering Management, vol. 69, no. 5, pp. 1837–1847, 2022,  

doi: 10.1109/TEM.2019.2937579. 

[48] J. C. Bezdek, R. Ehrlich, and W. Full, “FCM: Fuzzy c-Means clustering algorithm,” Computers & Geosciences, vol. 10, no. 2–3, 

pp. 191–203, 1984. 

[49] D. Wolff, S. Nee, N. S. Hickey, and M. Marschollek, “Risk factors for COVID-19 severity and fatality: a structured literature 

review,” Infection, vol. 49, no. 1, pp. 15–28, Feb. 2021, doi: 10.1007/s15010-020-01509-1. 

[50] A. Booth et al., “Population risk factors for severe disease and mortality in COVID-19: a global systematic review and meta-

analysis,” PLoS ONE, vol. 16, no. 3 March, p. e0247461, Mar. 2021, doi: 10.1371/journal.pone.0247461. 

[51] A. Christie, J. T. Brooks, L. A. Hicks, E. K. Sauber-Schatz, J. S. Yoder, and M. A. Honein, “Guidance for implementing COVID-

19 Prevention strategies in the context of varying community transmission levels and vaccination coverage,” MMWR 

Recommendations and Reports, vol. 70, no. 30, pp. 1044–1047, 2021, doi: 10.15585/mmwr.mm7030e2. 

[52] G. M. Massetti et al., “Summary of guidance for minimizing the impact of COVID-19 on individual persons, communities, and 

health care systems — United States, August 2022,” MMWR. Morbidity and Mortality Weekly Report, vol. 71, no. 33,  

pp. 1057–1064, Aug. 2022, doi: 10.15585/mmwr.mm7133e1. 

[53] “COVID-19: safe schools,” WHO Europe, 2022. https://www.who.int/westernpacific/emergencies/covid-19/information/covid-19-

safe-schools (accessed Sep. 13, 2022). 

[54] M. Lotfi, M. R. Hamblin, and N. Rezaei, “COVID-19: Transmission, prevention, and potential therapeutic opportunities,” Clinica 

Chimica Acta, vol. 508, pp. 254–266, Sep. 2020, doi: 10.1016/j.cca.2020.05.044. 

 

 

BIOGRAPHIES OF AUTHORS  
 

 

Aysha Samjun     received her Bachelor's degree in Electrical and Electronics 

Engineering from the Universiti Malaysia Sarawak (UNIMAS), Malaysia, in 2022.  

She is currently pursuing the Master's degree with the Department of Electrical and 
Electronics Engineering, Universiti Malaysia Sarawak. Her research interests include failure 

mode and effect analysis, and fuzzy clustering. She can be contacted at email: 

22020041@siswa.unimas.my. 

https://orcid.org/0009-0008-8393-9705


Indonesian J Elec Eng & Comp Sci  ISSN: 2502-4752  

 

Fuzzy adaptive resonance theory failure mode effect analysis non-healthcare setting … (Aysha Samjun) 

247 

 

Ir. Dr. Kasumawati Lias     is a Lecturer at the Department of Electrical and 

Electronics Engineering, Faculty of Engineering. She is a Ph.D. graduate from UiTM, Shah 

Alam. Her doctoral studies focus on Biomedical Engineering applications and emphasize 

hyperthermia, an alternative procedure for cancer treatment, where electromagnetic wave is 
used as the heating technique. Her research interest includes a biosensor, fuzzy-FMEA risk 

assessment and IoT applications. She is also a professional engineer in Malaysia. She can be 

contacted at email: lkasumawati@unimas.my. 

  

 

Mohd. Zulhilmi Firdaus Rosli     received his Bachelor's degree in Electrical and 

Electronics Engineering from the Universiti Malaysia Sarawak (UNIMAS), Malaysia, in 
2022. He is currently pursuing a Master's degree with the Department of Electrical and 

Electronics Engineering, Universiti Malaysia Sarawak. His research work focuses on the 

biomedical with the fuzzy logic system. He can be contacted at email: 

22020009@siswa.unimas.my. 

  

 

Ir. Dr. Hazrul Mohamed Basri     is a Senior Lecturer serving the Faculty of 

Engineering, Universiti Malaysia Sarawak, in 2010. He received his Master's degree from 

Université de Technologie de Belfort Montbéliard, France and a Ph.D. degree in Electrical 

Engineering from Universiti Malaya. His research includes power electronics, solar 
photovoltaic technology, and renewable energy. He became a SED.A certified grid-

connected photovoltaic system designer in 2018 and is also a professional engineer, Malaysia. 

He can be contacted at email: mbhazrul@unimas.my. 

  

 

Associate Professor Dr. Chai Chee Shee     is at the Faculty of Medicine and 

Health Sciences of the Universiti Malaysia Sarawak (UNIMAS), Malaysia. He received his 
M.D. from UNIMAS in 2006 and M.MED from Universiti Malaya (UM) in 2015. He is the 

member of European Respiratory Society (ERS), American College of Chest Physician 

(ACCP), Asia Pacific Society of Respirology (APSR), European Society of Medical 

Oncology (ESMO) and Malaysia Thoracic Society (MTS). His research interests include 
obstructive airway disease, sleep medicine, driver oncogene lung cancer. He can be contacted 

at email: cschai@unimas.my. 

  

 

Dr. Kuryati Kipli     received the Bachelor of Engineering in Electronic and 

Computer Engineering from Universiti Malaysia Sarawak, in 2004, and Master of Science in 

Electronic and Computer Engineering University of Birmingham, in 2007, and the Doctor of 

Philosophy in Electronic Engineering from Deakin University, in 2015. She is currently a 
Senior Lecturer at Universiti Malaysia Sarawak. Her research interests include neural 

network computer, and engineering science and technology. She can be contacted at email: 

kkuryati@unimas.my. 

 

https://orcid.org/0000-0002-5534-0614
https://scholar.google.com.my/citations?user=Sg-duAMAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=24448268000
https://orcid.org/0000-0002-6984-838X
https://scholar.google.com/citations?user=NYn9H_YAAAAJ&hl=en
https://orcid.org/0000-0001-9881-8828
https://scholar.google.com.my/citations?user=AfmR2lIAAAAJ&hl=en
https://orcid.org/0000-0002-4277-6152
https://scholar.google.com/citations?user=6BmgY5kAAAAJ&hl=en
https://orcid.org/0000-0002-4103-0674
https://scholar.google.com.my/citations?hl=en&user=tLA7TUkAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=25825080500

