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Abstract
The extant Fine-Kinney frameworks are insufficient to tackle the risk evaluation problem with Fermatean fuzzy information, in which the prioritization degrees and psychological characteristics of decision-makers are considered. Hence, this study develops a hybrid Fine-Kinney-based occupational risk evaluation framework with an extended Fermatean fuzzy MARCOS method (measurement of alternatives and ranking to Compromise solution). Such a MARCOS method improves conventional MARCOS by integrating Fermatean fuzzy prioritized weighted average operator and prospect theory. This improved method has the capability to handle the occupational risk analysis problem with Fermatean fuzzy data in the risk ranking procedure considering the prioritization degrees and bounded rational behavior of decision-makers. In addition, the Fermatean fuzzy numbers-based risk rating scales are established to transform the linguistic risk scores from decision-makers, it allows for handling uncertain risk rating information from decision-makers more effectively. Further, the improved MARCOS method is incorporated into the occupational risk ranking procedure, as it considers the decision-maker's prioritization relationships among decision-makers and their reference point effect in occupational risk priority calculation. After that, an occupational risk analysis case for construction operations is selected to test the applicability and validity of the proposed framework. The result indicates that the occupational risk OR6 (Back injury) is the most serious risk with the lowest utility function value (-0.324), and OR7 (Tendinitis) is the least severe risk with the highest utility function value (0.682). Finally, sensitivity exploration and comparative study are implemented to further test the advantages of the developed framework.  
Keywords: Fine-Kinney model; occupational risk; Fermatean fuzzy; MARCOS; prioritized weighted average operator
1. Introduction
The development of technology and industrial production has caused plenty of new potential risks Wang et al., 2018b()
. Identifying and evaluating these potential risks is one of the essential means in occupational health practices Tang et al., 2021()
. In such a case, various kinds of quantitative and qualitative risk analysis tools have been employed to evaluate the potential occupational risk (OR) in practices, such as risk matrix Xie et al., 2021()
, FAT (fault tree analysis) Akyuz et al., 2020()
, FMEA (failure mode and effect analysis) 
 ADDIN EN.CITE 
(Dabba Gh  and Yousefi, 2019; Ilbahar et al., 2018; Mutlu and Altuntas, 2019)
, HAZOP (hazard and operability study) 
 ADDIN EN.CITE 
(Marhavilas et al., 2019, 2020)
, Fine-Kinney model 
 ADDIN EN.CITE 
(Can and Toktaş, 2021; Dagsuyu et al., 2020)
, and SCEA (safety and critical effect analysis) 
 ADDIN EN.CITE 
(Karasan et al., 2018; Wang et al., 2021)
. Among these potential OR evaluation tools, the Fine-Kinney model is an easy operating and quantitative technique to evaluate the potential ORs 
 ADDIN EN.CITE 
(Tang et al., 2021; Wang et al., 2022a; Wang et al., 2022b)
. 
The Fine-Kinney model, initiated by Kinney and Wiruth (1976)
, has been proven to be a comprehensive and effective risk analysis tool in the OR management and control process. This model derives the risk score (RS) of OR by the product of three risk parameters, namely, probability (
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), consequence (
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), and exposure (
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). In such a case, this model has been employed to conduct occupational hazards risk analysis in different fields 
 ADDIN EN.CITE 
(Alipour-Bashary et al., 2021; Kokangül et al., 2017; Wang et al., 2022b)
. Although this model is suitable to analyze the risk of occupational hazards, it still has limitations in practice 
 ADDIN EN.CITE 
(Tang et al., 2021; Wang et al., 2018a)
: (i) The risk information is expressed by precise and exact data that may gain a biased risk evaluation result because it neglects the ambiguous risk perception of decision-makers (DMs) under uncertain circumstances. (ii) In the RP (risk prioritization) process, the weights of risk parameters are assigned the same values. This assumption contradicts the natural word risk evaluation issues since different risk parameters may have unequal contributions to the OR. (iii) The RS of OR and/or potential hazard is a product of three risk parameters. In such cases, different combinations of risk values may derive the same RS, which may provide an overestimated or underestimated risk evaluation result. 
To overcome the conventional Fine-Kinney model’s limitation on uncertain risk evaluation information expression, fuzzy sets have been introduced to depict the uncertainties of the risk evaluation information. Wang et al. (2018a)
 utilized the triangular fuzzy numbers (TrFNs) to express the DMs’ uncertain risk assessment information. Gul et al. (2021b)
 introduced the Pythagorean fuzzy set (PFS) to depict the uncertain information in the OR evaluation process. Tang et al. (2021)
 employed the interval type-2 fuzzy sets (IT2FSs) to express the uncertain risk scores from different DMs. Seker (2022)
 utilized the intuitionistic fuzzy set (IFS) to construct the risk rating scale. Compared with the TrFNs and IT2FSs, the PFS and IFS not only can capture the membership degrees of uncertain risk information but also can depict the non-membership degrees Senapati et al., 2022()
. However, the membership and no-membership degrees of PFS and IFS have conditional constraints. The two fuzzy sets have limitations when the sum and quadratic sum of membership and non-membership degrees exceed one. For this reason, the Fermatean fuzzy set (FFS) Senapati and Yager, 2019a


( ADDIN EN.CITE , 2020)
, as an extended version of PFS and IFS, has a broader range in expressing uncertain information because it can handle the condition in which the cubic sum of membership and non-membership degrees does not exceed one. Thus, FFS gives the experts more freedom in expressing their cognitive information in the subjective environment. In such cases, the FFS has been widely adopted to express the uncertain evaluation information in different kinds of situations, including hazard risk evaluation Gul et al., 2021a()
, disposal place selection Mishra and Rani, 2021()
, optimal logistic provider determination Mishra et al., 2021()
, indicators prioritizing Ayyildiz, 2022()
, optimal biomedical material determination Kirişci et al., 2022()
, Pharmaceutical logistics service providers selection Aytekin et al., 2022()
, plant location selection for renewable energy power Narayanamoorthy et al., 2022()
, performance evaluation for green low-carbon port Yang et al., 2022()
, and transportation planning adapting Simić et al., 2022()
. Accordingly, this paper introduces the FFS for risk scoring information expression. 
Fusing heterogeneous risk scores from each DM (decision-maker) is one of the most significant procedures for the risk analysis problem in an uncertain environment, particularly in a fuzzy context, such as the trapezoidal fuzzy set 
 ADDIN EN.CITE 
(Wang et al., 2019)
, IT2FSs Tang et al., 2021()
, and FFS Chen et al., 2022()
. Different kinds of fuzzy information aggregation operators have been introduced to deal with the information fusion problem for risk analysis. For example, Kokangül et al. (2017)
 employed the average operator to fuse risk evaluation information from different experts. Wang et al. (2018a)
 developed a Choquet integral operator to aggregate risk information. A GWA (generalized weighted average) operator for interval type-2 fuzzy numbers is introduced by Tang et al. (2021)
 to form a group decision matrix in the Fine-Kinney model. Wang et al. (2022b)
 introduced an MSM (Maclaurin symmetric mean) operator to construct a group risk decision matrix considering the interaction among experts. To generate the group risk matrix, Wang et al. (2022a)
 reported a WAP (weighted power average) operator for fusing experts’ risk information. These risk information aggregation operators are insufficient to cope with the situation of prioritization relationships among DMs. The PWA (prioritized weighted average) operator, recognized as a valid means for information fusion considering the prioritization degrees, has been employed in different fields Riaz et al., 2021(; Yu, 2013)
. Thus, the PWA operator is incorporated into Fine-Kinney to aggregate individual risk scoring information.  
Further, the risk priority calculation procedure is another crucial step for the risk analysis problem. Determining risk priority is always considered an MCDM (multi-criteria decision-making) problem. Thus, some MCDM approaches have been employed to enhance the availability of the Fine-Kinney model in the OR evaluation process. Wang et al. (2018a)
 proposed the MULTIMOORA (Multi-Objective Optimisation based on Ratio Analysis plus the full MULTIplicative form) method-based RP procedure for the Fine-Kinney model. To calculate the priority of OR, Dogan et al. (2022)
 introduced the TOPSIS (technique for order preference by similarity to ideal solution) method to construct the RP approach. Tang et al. (2021)
 developed the TODIM (an acronym in Portuguese of interactive and multi-criteria decision making) method to calculate risk priority for the Fine-Kinney model. A hybrid GLDS (gained and lost dominance score) method based Fine-Kinney framework is reported by Wang et al. (2022b)
. In reference Wang et al., 2022a()
, the authors proposed an extended ORESTE (Organisation, Rangement Et SynThèse de donnéEs relarionnelles) method based OR assessment framework. Chen et al. (2022)
Stević et al. (2020)Jafarzadeh Ghoushchi et al. (2022)

 adopted a hybrid COPRAS (complex proportional assessment) method to prioritize risk. Apart from these MCDM techniques, a new MCDM method called MARCOS (measurement of alternatives and ranking to Compromise solution), pioneered by  reported a developed CoCoSo (combined compromise solution) approach to deal with the OR assessment problem. To deal with the health risk evaluation problem, 
, has also been utilized to cope with the OR ranking problem. Celik and Gul (2021)
 put forward MARCOS (measurement of alternatives and ranking to Compromise solution) method-based risk priority calculation framework for occupational hazards. Compared with these MCDM approaches, the MARCOS method can provide a more reasonable and robust means for risk priority calculation. For example, the conventional TOPSIS prioritize OR just depends on the simple sum of distance measures from negative and positive ideal alternative OR. This ranking principle can not reflect the relative importance of distance. However, the MARCOS approach can consider both the distance measures and their relative importance. The MULTIMOORA method ranks OR using the dominance theory which don does not consider the relative importance of alternative. In contrast, the MARCOS method can reflect the relationships between the alternative OR and the reference value of OR. The ORESTE method and TODIM method determine the priority of OR should conduct the calculation of the global preference score for each OR which needs a relatively large amount of computation. Nevertheless, the MARCOS consists of computation procedures with shorter time and easy operation. Further, compared with the COPRAS and CoCoSo, the MARCOS not only can handle the conflicting criteria but also can consider the relationships between the alternative OR and the reference points. In addition, another advantage of the MARCOS is its robustness and stability in the alternative ranking procedure. Thus, the MARCOS method seems an appropriate proposal for solving OR ranking problems. Moreover, the MARCOS method has been utilized to calculate the alternative’s priority in various fields, such as priority calculation of sustainable suppliers Stević et al., 2020()
, renewable energy sources selection Karaaslan et al., 2021()
, evaluation of alternative fuel vehicles Pamucar et al., 2021()
, risk assessment of occupational hazard Celik and Gul, 2021()
, waste location selection Ali, 2022()
, and new energy alternatives ranking Iordache et al., 2022()
. Consequently, it is suitable to integrate the MARCOS method with Fine-Kinney for risk evaluation. Table 1 displays a comparative analysis of the extensible Fine-Kinney models for comping with the OR evaluation problem under the uncertain condition from different perspectives. 
Table 1 Different approaches for Fine-Kinney models
	Authors
	Uncertainty expressions
	Fusion methods
	Ranking method
	Prioritization degree
	Psychological characteristics

	Ilbahar et al. (2018)

	PFS
	
	AHP (analytic hierarchy process)
	×
	×

	Gul and Celik (2018)

	TrFNs
	Averaging operator
	Fuzzy rule system
	×
	×

	Gul et al. (2018)

	TrFNs
	Fuzzy aggregation 
	VIKOR
	×
	×

	Wang et al. (2018a)

	TrFNs
	WA operator 
	MULTIMOORA
	×
	×

	Gul et al. (2021b)

	PFS 
	Averaging operator
	VIKOR
	×
	×

	Tang et al. (2021)

	T2FS
	GWA operator 
	TODIM
	×
	√

	Dogan et al. (2022)

	TrFNs
	
	TOPSIS
	×
	×

	Wang et al. (2022b)

	T2FS
	MSM operator 
	GLDS
	×
	×

	Gul et al. (2022)

	TrFNs 
	
	VIKOR
	×
	×

	Seker (2022)


	IFNs 
	GWA operator 
	MULTIMOORA
	×
	×

	Jafarzadeh Ghoushchi et al. (2022)

	TrFNs
	WA operator
	COPRAS
	×
	×

	Güney and Kahraman (2021)


	
	
	AHP
	×
	×

	Chen et al. (2022)

	Fermatean fuzzy linguistic set 
	WA operator
	CoCoSo
	×
	×

	Wang et al. (2022a)

	2-Tuple
	WPA operator 
	ORESTE
	×
	√

	Our study 
	FFS
	PWA operator 
	MARCOS
	√
	√


As shown in Table 1, the existing developed Fine-Kinney framework is summarized from the main procedures of conventional Fine-Kinney, namely, uncertain risk information expression, individual risk rating information fusion method, and risk ranking method. Then, these developed frameworks are also judged whether the prioritization degree and psychological characteristics of decision-makers are considered. The analysis result shows that the Fine-Kinney model-based OR analysis solutions have overcome the aforementioned limitations, however, there still have some challenges that should be dealt with. Consequently, the motivations of this paper can be expressed as:
(1) Current risk scores modeling techniques are inadequate for the risk scoring information transformation considering the non-membership expression and less potential information loss. The FFS can avoid this risk of information loss because of its broader coverage of uncertain information. So, it is helpful to employ the FFS to express the uncertain risk information. 
(2) The existing Fine-Kinney seldom considers the prioritization degrees of DMs. The PWA operator can reflect the prioritization relationships among information in the aggregation process. Accordingly, developing a risk information fusion method based on the PWA operator is helpful for Fine-Kinney. 
(3) None of the MCDM techniques-based RP approaches provides a compositive result of the ratio and the reference point sorting approaches, especially considering the psychological characteristics of DMs. The conventional MARCOS method can offer the compositive risk priority but cannot model the DMs’ psychological characteristics. Therefore, it is conducive to improving the MARCOS method with prospect theory (PT) for the Fine-Kinney model. 
(4) The elevator maintenance activity in building construction has different kinds of occupational injuries with a high frequency, however, the fuzzy Fine-Kinney framework is seldom extended to OR analysis in this field. Further, the OR evaluation problem in the elevator maintenance activity has not been explored by using the Fermatean fuzzy Fine-Kinney framework. Thus, this article extends the proposed framework to the OR analysis problem for elevator maintenance activity. 
In light of the motivations above, this study proposes a hybrid Fine-Kinney framework for OR evaluation by considering DMs' prioritization degrees and psychological characteristics. So, under the Fine-Kinney, this paper presents a hybrid OR evaluation framework integrating FFSs, PWA operator, MARCOS, and PT. Firstly, the FFS is applied to process the scoring information from different DMs. Next, a developed PWA operator is introduced to generate the group risk matrix considering the prioritization degrees of DMs. Then, an extended MARCOS method with PT is described to calculate risk priority by considering the psychological characteristics of DMs. Finally, the hybrid Fine-Kinney framework is used to conduct risk analysis for the occupational hazards in construction operations. The contributions of this paper for OR evaluation are expressed as follows: 
(i) For the first time, the FFS is incorporated into the Fine-Kinney to express the subjective and uncertain risk scores from heterogeneous DMs. The Fermatean fuzzy numbers (FFNs) based seven-point risk rating scale can capture more uncertain scoring information. It also allows DMs to express their opinion about OR more flexibly. 

(ii) A novel operator for FFNs, called the Fermatean fuzzy PWA operator is first developed. Then, this developed operator is incorporated to fuse individual DM’s risk scoring information for the Fine-Kinney model. This fusion method can effectively consider the influence of the prioritization relationships among DMs. 
(iii) This is the first research that formulates a hybrid Fermatean fuzzy MARCOS method based on the PT. Moreover, different from the Fermatean fuzzy MARCOS method, this proposed MARCOS method can account for the DM’s bounded rational behavior. As a result, this hybrid MARCOS gives practitioners a more practical tool to handle alternative ranking problems in a complex and uncertain environment. 
(iv) The four-phase Fine-Kinney framework provides a stable and flexible methodological framework for the OR evaluation under a subjective and uncertain environment. This framework can account for the impact of the prioritization degrees and psychological characteristics of DMs. Thus, it can help risk managers to derive a more reliable and reasonable risk analysis result. 
(v) The case analysis of the OR assessment for elevator maintenance activity offers valuable implications and OR ranking guidelines on how to determine the serious potential hazards. It also confirms that this Fine-Kinney framework can resolve the OR analysis problem in other fields. 
The subsequent parts of this paper are arranged as follows. Some related concepts and approaches are briefly described in Section 2. Section 3 presents a hybrid OR evaluation framework in which an extended MARCOS method-based risk priority calculation approach is constructed. A numerical example of OR analysis for construction operations is described in Section 4. The final section summarizes the conclusions and the future research directions.  
2. Preliminaries

A brief review of the FFS is provided in this section, which should be utilized in the following sections. The FFS is a new extended fuzzy set that has been utilized to address uncertainty processing issues in the MCDM problem Rani and Mishra, 2021()
. This sub-section overviews some basic concepts and operations concerning FFS. 
Definition 1. Senapati and Yager, 2019b()
. Assume that
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For a FFS
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is defined as the degree of indeterminacy of 
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To display the membership grades of FFS, a geometric analysis of the space for the intuitionistic and Pythagorean membership grades is shown in Fig.1. 
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Fig. 1. A membership space comparison of different fuzzy sets (

adapted from Simic et al. (2022)

). 
As shown in Fig.1, all points beneath the line 
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are the intuitionistic membership grades (IMGs), all points with 
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are the Fermatean membership grades (FMGs). And then, it is easy to find that the set of FMGs is larger than that of IMGs and PMGs. 
Definition 2. Senapati and Yager, 2020()
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Definition 3. Senapati and Yager, 2020()
. Assume that 
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 is an FFN, the following function can be defined as the score function.
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where 
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According to the score function and accuracy function, the comparison rules of any two FFNs 
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Definition 4. Senapati and Yager, 2020()
. Let
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be two FFNs, and the set 
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in which, 
[image: image53.wmf]12

0(,)2

dFF

££

%%

.
3. The Extended MARCOS-based OR Evaluation Framework 

This section presents a hybrid risk evaluation framework to address the occupation risk analysis problem with Fermatean fuzzy risk information. 
First, the FFSs are introduced to transform DMs' linguistic terms-based risk scoring information into quantitative risk information. Then, a developed PWA operator based on the score function is proposed to fuse individual risk scores and generate the group evaluation matrix. Next, an extended MARCOS method based on PT is constructed to calculate risk priority for the Fine-Kinney model, considering the psychological characteristics of DMs. Finally, an example of OR evaluation is displayed to illustrate the proposed framework. After that, the sensitivity and comparison analyses are conducted further to test the validation of the proposed risk analysis framework. The calculation flowchart is shown in Fig. 2. The proposed Fine-Kinney framework for OR evaluation includes four phases: risk information processing, risk information fusion, risk priority calculation, and model validation. The detailed procedures of the framework are organized as follows. 
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Fig.2. The flowchart of the proposed Fine-Kinney framework.
As the risk evaluation framework described above, we consider the OR evaluation and prioritization procedures in Fine-Kinney as an MCDM with Fermatean fuzzy information. Thus, let us consider an MCDM problem consisting of m potential OR 
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3.1 Risk information processing 
The scope of this sub-section is the processing of risk information, which includes three procedures, namely, identification of potential OR, obtaining of linguistic risk assessment matrix from each DM, and the transformation of these matrices. The details are provided as follows.
Step 1.1: Identify the potential OR. In practice, the first step is to form a team of DMs 
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 to identify the potential OR. The group of team members should possess related professional knowledge and experience. Thus, the potential OR distinguished by DMs is denoted as 
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Step 1.2: Obtain the individual risk assessment matrix. This step includes the obtaining of the linguistic risk assessment matrix and the transformation of the linguistic matric two procedures. Generally, the three risk parameters are employed to evaluate the potential OR in the conventional Fine-Kinney model. So, in this paper, the risk parameters are denoted as 
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. Then, the DMs are asked to determine the linguistic risk assessment matrix of OR 
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under the risk parameters. Finally, according to the fuzzy scale in Table 2, the individual linguistic risk assessment matrix
[image: image78.wmf]R

t

is translated into an FFNs-based risk assessment matrix
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. What is remarkable about the scale provided in Table 2 is that the seven-point linguistic terms are defined by Tang et al. (2021)
, and the associated FFNs are adapted from reference Simic et al., 2021()
. 
Table 2 The FFNs-based scale for the Fine-Kinney model.
	Linguistic terms for C
	Linguistic terms for E
	Linguistic terms for P
	Corresponding FFN

	
	
	
	Membership 
	Non-membership

	P (Perceptible)
	H (Hardly ever)
	VI (Virtually impossible)
	0.15
	0.85

	N (Noticeable)
	VR (very rare)
	PI (Practically impossible) 
	0.25
	0.75

	I (Important)
	R (Rare)
	CV (Conceivable but very unlikely) 
	0.35
	0.65

	S (Serious)
	U (Unusual)
	OR (Only remotely possible) 
	0.50
	0.45

	VS (Very Serious)
	O (Occasional)
	UP (Unusual but possible)
	0.65
	0.35

	D (Disaster)
	F (Frequent)
	QP (Quite possible)
	0.75
	0.25

	Ca (Catastrophic)
	C (Continuous)
	MV (Might well be expected)
	0.85
	0.15


3.2 Risk information fusion  

The risk evaluation information aggregation is crucial for generating the group risk assessment matrix, especially with information from heterogeneous experts and/or DMs. These heterogeneous DMs may possess different priority degrees in the risk evaluation aggregation process Zhao et al., 2013()
. Moreover, the PWA operator has been considered an effective technique for tackling the information with various priority levels. Consequently, an extended PWA operator for FFS based on score function is proposed to aggregate the individual risk assessment information for Fine-Kinney. The proposed risk scoring information fusion method is organized as follows. 
Step 2.1: Compute the score function of the risk evaluation matrix. The values of the score function expressed in Definition 3 are
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where 
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Step 2.2: Construct the consecutive multiplication of score functions. This sub-step is to derive the multiplication of score functions, which can be expressed as follows. 
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in which, 
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, with 
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Step 2.3: Calculate the importance degrees of DMs. According to the multiplication of the score function, the DMs’ weights are computed as:
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Step 2.4: Form the group risk matrix. To generate the group risk matrix considering the DMs’ priority degrees, the PWA operator for FFNs is proposed to fuse individual risk scores. The PWA operator for FFNs (FFNs-PWA) is defined by the mapping FFNs-PWA: 
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Definition 6. Let 
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in which, 
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 is the element of the group risk matrix 
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According to the properties of the fuzzy PWA operator described by Verma and Sharma (2014)

, we can conclude that the proposed FFNs-PWA operator has the following Theorems. 

Theorem 1. Suppose that 
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 is still an FFN. The aggregation result is denoted in the following form.
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Theorem 2. (Idempotency) Let 
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Theorem 3. (Monotonicity) Assume that 
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Theorem 4. (Boundedness) Let 
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The proofs of all of the theorems are provided in Appendix A. 
3.3 Risk priority calculation 

In the risk priority determination procedure, the psychological characteristics of DMs may have a significant influence on the risk analysis result. However, the conventional MARCOS method can not reflect this influence. For this reason, to provide a more reasonable risk priority calculation procedure, the PT is incorporated into the MARCOS method to generate a hybrid RP approach by considering the DMs’ psychological characteristics. The detailed procedures of this approach are presented as follows. 
Step 3.1: Determine the reference points under each risk parameter. Inspired by the references 
 ADDIN EN.CITE 
(Hajek and Froelich, 2019; Wang et al., 2022a)
, the two reference points can reflect the behavior characteristics of cautious DMs. Accordingly, the positive and negative ideal risk evaluation information (
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Step 3.2: Calculate the value and weight functions. First, according to Eqs. (10) and (23), the distance measures are applied to generate the value functions as:
① The gain and loss values 
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② The gain and loss values 
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Remark 1: The distance measures 
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Then, the value functions are obtained as follows.
	
[image: image137.wmf](),               0

(),        0

ijij

ij

ijij

ff

v

ff

a

b

q

++

+

++

ì

³

ï

=

í

--<

ï

î


	(24)

	
[image: image138.wmf](),               0

(),        0

ijij

ij

ijij

ff

v

ff

a

b

q

--

-

--

ì

³

ï

=

í

--<

ï

î


	(25)


Table 3 The Fermatean fuzzy scale for importance degree (adapted from Rani et al. (2021)
).
	Linguistic terms for importance degree
	Corresponding FFN

	
	Membership
	Non-membership

	Equal importance (EQI)
	0.20
	0.95

	Equal to moderate importance (EMI)
	0.30
	0.90

	Moderate importance (MI)
	0.40
	0.85

	Moderate to strong importance (MSI)
	0.50
	0.80

	Strong importance (SI)
	0.60
	0.70

	Strong to very strong importance (SVS)
	0.75
	0.60

	Very strong importance (VSI)
	0.80
	0.50

	Very strong to extreme importance (VSE)
	0.90
	0.40

	Extreme importance (EXI)
	0.95
	0.20


Next, to derive the risk parameters’ subjective weights, the DMs 
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 are asked to provide their opinions about the relative importance of each pair of risk parameters using the linguistic scales displayed in Table 3. After that, the group weights are computed using the weighted averaging operator as: 
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in which, the element 
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Finally, the weight of each risk parameter can be derived as follows.
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Finally, the weight functions are formed as follows.
① The weight function 
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② The weight function 
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Step 3.3: Form the prospect value-based risk evaluation matrix. The prospect value-based risk evaluation matrix is built as: 
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Step 3.4: Computer the utility degree of each OR. Firstly, the extended initial risk evaluation matrix should be formed based on the prospect value-based risk evaluation matrix. Then, the extended initial risk evaluation matrix
[image: image152.wmf]E
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where the
[image: image154.wmf]AAI

and
[image: image155.wmf]AI

are the ORs with the lowest and highest risk scores, respectively, which can be obtained as follows.
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Then, the normal extended initial risk evaluation matrix
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is determined as follows.
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Finally, the utility degree of each OR is calculated as follows.
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in which, the function
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is determined as follows.
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Step 3.5: Calculate the utility functions. The utility function of each OR is determined as follows.
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in which, 
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Step 3.6: Determine the final risk priority ranking order of each OR. The risk priority ranking order can be derived according to the utility functions. 
3.4 Model validation 

To validate the availability and rationality of the proposed OR evaluation framework, the application of the proposed model, the sensitivity, and comparison analyses are conducted on a numerical example of OR analysis. The sensitivity analysis is performed to analyze the influence of the parameter
[image: image169.wmf]q

on the ranking result. Accordingly, we first set different groups of values for the parameter
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. Then we can analyze the relationship between the values of the parameter and the OR priority. On the other hand, a comparative analysis is conducted to illustrate the advantages of the proposed OR assessment framework. In the comparison study, both the extended OR assessment framework and the existing frameworks are adopted to the same numerical example. 
3.5 The summary of the proposed risk evaluation framework 

In this sub-section, all of the procedures of the proposed OR evaluation framework and the advantages of this framework are summarized. 
3.5.1 The solution procedures of the proposed framework 

According to the hybrid Fine-Kinney model-based OR evaluation framework mentioned above, the solution procedures for the risk evaluation problem are listed as follows. 
Step 1: Form the FFNs-based OR assessment matrix 
[image: image171.wmf]R

t

%

. This step consists of two procedures. First, the DMs 
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 provide the individual risk information using the linguistic scales shown in Table 2. Then, the linguistic OR assessment matrices are converted into FFNs-based matrices.  
Step 2: Determine the weights of DMs by using Eqs. (12)- (14). 

Step 3: Generate the group risk matrix using Eq. (15).
Step 4: Distinguish the reference points through Eqs. (20) and (21). 

Step 5: Calculate the value functions by using Eqs. (22)- (25).
Step 6: Compute the weight functions by using Eqs. (26)- (29). 

Step 7: Form the prospect value-based OR evaluation matrix by using Eq. (30).
Step 8: Construct the utility degree of each OR by using Eqs. (31)- (37). 

Step 9: Calculate the utility functions of ORs by virtue of Eqs. (38)- (40). 
Step 10: Determine the final risk priority through the utility functions. 
3.5.2. The advantages of the proposed framework  
The proposed hybrid OR evaluation framework possesses some desirable characteristics and advantages, which are summarized as follows. 
(1) In the uncertain risk information expression procedure, the FFSs are employed to process the heterogeneous risk scores. The FFSs provide a more effective tool for the uncertain risk scoring information process because they can cover more uncertain information. 
(2) In the individual risk assessment information fusion process, an FFNs-PWA operator is introduced into the information aggregation method. This developed aggregation method can depict the prioritization degrees of the heterogeneous DMs. Moreover, the score function-based importance degrees calculation technique is proposed that can provide a more objective risk assessment information fusion result. 
(3) In the OR priority computing process, an extended MARCOS method based on PT and FFNs is proposed to derive the priority ranking orders of ORs. This developed method can provide a more reasonable risk analysis result but also can reflect the influence of bounded rationality of DMS. Further, different from the traditional MARCOS method, the prospect value-based evaluation matrix is used as the input variable for the extended MARCOS method. This procedure can enhance the practicability of the traditional MARCOS method for addressing the alternative ranking problem within an uncertain context because it can capture the reference point effect. 
(4) A case study of potential ORs in the construction operations process is described to demonstrate the detailed application of the extended MARCOS method in the OR priority calculation procedure. Subsequently, the sensitivity and comparison analyses are performed to further confirm the effectiveness and rationality of the proposed hybrid OR assessment framework. 
4. A Numerical Example 

In this section, a risk evaluation for occupational hazards in construction operations Mohandes and Zhang, 2019()
 is selected as a numerical example to show the application and usability of the proposed OR evaluation framework. This illustrative example is also utilized to test the rationality and reliability of the proposed framework through conducting comparison and sensitivity analysis. For this purpose, the subsequent sub-sections are organized to show the specific process of the application procedures, comparison, and sensitivity analysis. 
4.1 The background information
The construction industry has the occurrence of fatal and non-fatal ORs which have been frequently reported. These ORs have an impact on both the health of construction workers and the economics because of their high costs Mohandes and Zhang, 2019()
. For this reason, Mohandes and Zhang, 2019(Mohandes and Zhang (2019)

 conduct a case study of the OR assessment framework for construction workers. Since the significant role of elevators in building construction and their maintenance activity may lead to a desperate situation for the maintainers )
. Thus, to enhance the personnel occupational safety of these maintainers, it is essential to identify and evaluate the potential OR in the elevator maintenance activity. For this reason, Mohandes and Zhang, 2019(Mohandes and Zhang (2019)

 selected the elevator maintenance activity to form a real case study. This case study comes from two construction companies in Hong Kong that provide services related to elevator installation and maintenance tasks. They adopted a three-step fuzzy OR analysis method to identify the potential risks in elevator maintenance through surveys and compiled literature. From this, a potential risk list consists of three critical factors, and 31 sub-factors are generated. Finally, the ranking order of each sub-factor is determined by using the fuzzy BWM (best-worst method) framework. According to the potential ORs selection process described in the reference )
, eleven potential risks from three different dimensions are chosen to implement the application of the proposed OR evaluation framework. These potential ORs are listed in Table 4. 
Table 4 The potential risks of the elevator maintenance activity.
	No.  
	Risks 
	Description of the potential risks 
	Order 

	OR1
	Electrocution 
	The electrical energy exposure causes the injuries and deaths 
	3

	OR2
	Fire 
	Trigger of flammable items 
	4

	OR3
	Trapping 
	Locked between the elevator car and structure of the elevator shaft
	3

	OR4
	Down from altitude 
	Fall from into the elevator shaft 
	2

	OR5
	Struck by falling substance
	The damage caused by the falling objects 
	4

	OR6
	Back injury 
	The damage to the spinal cord caused by the bending of back frequently 
	1

	OR7
	Tendinitis
	Tendon inflammation caused by the muscle or tendon is repeatedly tensed
	7

	OR8
	Tension neck syndrome 
	The damage to the neck caused by the prolonged heads-up
	6

	OR9
	Dermatitis 
	The chemical substance leads to the skin rashes 
	7

	OR10
	Scald 
	The contacting with chemicals leads to the skin burns 
	7

	OR11
	Eye injury 
	The chemicals contact eye cause damage to the maintainers’ eyes  
	5


4.2 The application of the proposed framework 
To accomplish the risk evaluation for the identified potential risks through the proposed framework, a group of four heterogeneous DMs 
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 is chosen to establish the OR analysis team. The four experts are selected based on the listed criteria: i) experience in OHS management (10 years as a minimum), ii) relatively wide knowledge and education, and iii) current position related to OHS management. In addition, this DMs team needs to perform the following tasks: i) to identify and select the potential ORs in the maintenance operations, ii) to determine the original risk score of each OR under the risk parameters, iii) to provide the judgment of the relative importance of risk parameters. The information about the four DMs is provided in Table 5.
Table 5 The information of four DMs.
	The ID number 
	Profession 
	Current departments
	The length of service
	Degree
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	He holds a bachelor's degree in management 
	Contractor
	15
	Bachelor
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	He holds a bachelor’s degree in engineering and a specialization degree in safety management  
	OHS inspector 
	12
	Bachelor 
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	He holds a college degree in mechanical engineering and a specialization degree in EE 
	Technician 
	14
	College degree
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	He holds a bachelor's degree in management and a specialization degree in project management 
	Manager 
	23
	Master 


As stated above, to better depict the uncertain risk scoring of DMs in the generation procedure of 
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 , the DMs adopt the linguistic terms scale given in Table 2. The individual risk scoring information 
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 is offered in Table 6. After that, the FFNs-based risk scoring matrix of each DM is reported in Table 7. 
Table 6 The linguistic terms-based risk scoring matrix of individual DM.
	No
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	C
	E
	P
	C
	E
	P
	C
	E
	P
	C
	E
	P

	OR1
	D
	O
	OR
	VS
	O
	UP
	VS
	O
	UP
	VS
	U
	UP

	OR2
	S
	U
	CV
	VS
	U
	CV
	S
	R
	OR
	I
	R
	OR

	OR3
	VS
	U
	OR
	S
	O
	UP
	VS
	U
	OR
	S
	U
	OR

	OR4
	D
	O
	UP
	VS
	C
	QP
	VS
	F
	UP
	VS
	O
	QP

	OR5
	S
	R
	OR
	I
	U
	OR
	S
	U
	OR
	S
	R
	CV

	OR6
	D
	C
	QP
	Ca
	F
	MV
	Ca
	C
	QP
	D
	F
	MV

	OR7
	P
	H
	PI
	P
	H
	VI
	P
	VR
	VI
	N
	H
	VI

	OR8
	I
	R
	CV
	I
	U
	CV
	I
	R
	PI
	N
	R
	OR

	OR9
	N
	VR
	CV
	P
	R
	PI
	N
	H
	PI
	N
	VR
	PI

	OR10
	N
	H
	PI
	P
	H
	VI
	N
	VR
	PI
	P
	VR
	PI

	OR11
	I
	R
	CV
	I
	R
	PI
	I
	R
	CV
	I
	R
	PI


Table 7 The FFNs-based risk scoring matrix of individual DMs.
	No
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	C
	E
	P
	C
	E
	P

	OR1
	(0.75,0.25)
	(0.65,0.35)
	(0.50,0.45)
	(0.65,0.35)
	(0.65,0.35)
	(0.65,0.35)

	OR2
	(0.50,0.45)
	(0.50,0.45)
	(0.35,0.65)
	(0.65,0.35)
	(0.50,0.45)
	(0.35,0.65)

	OR3
	(0.65,0.35)
	(0.50,0.45)
	(0.50,0.45)
	(0.50,0.45)
	(0.65,0.35)
	(0.65,0.35)

	OR4
	(0.75,0.25)
	(0.65,0.35)
	(0.65,0.35)
	(0.65,0.35)
	(0.85,0.15)
	(0.75,0.25)

	OR5
	(0.50,0.45)
	(0.35,0.65)
	(0.50,0.45)
	(0.35,0.65)
	(0.50,0.45)
	(0.50,0.45)

	OR6
	(0.75,0.25)
	(0.85,0.15)
	(0.75,0.25)
	(0.85,0.15)
	(0.75,0.25)
	(0.85,0.15)

	OR7
	(0.15,0.85)
	(0.15,0.85)
	(0.25,0.75)
	(0.15,0.85)
	(0.15,0.85)
	(0.15,0.85)

	OR8
	(0.35,0.65)
	(0.35,0.65)
	(0.35,0.65)
	(0.35,0.65)
	(0.50,0.45)
	(0.35,0.65)

	OR9
	(0.25,0.75)
	(0.25,0.75)
	(0.35,0.65)
	(0.15,0.85)
	(0.35,0.65)
	(0.25,0.75)

	OR10
	(0.25,0.75)
	(0.15,0.85)
	(0.25,0.75)
	(0.15,0.85)
	(0.15,0.85)
	(0.15,0.85)

	OR11
	(0.35,0.65)
	(0.35,0.65)
	(0.35,0.65)
	(0.35,0.65)
	(0.35,0.65)
	(0.25,0.75)


Table 7 The FFNs-based risk scoring matrix of individual DMs (continued).
	No
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	C
	E
	P
	C
	E
	P

	OR1
	(0.65,0.35)
	(0.65,0.35)
	(0.65,0.35)
	(0.65,0.35)
	(0.50,0.45)
	(0.65,0.35)

	OR2
	(0.50,0.45)
	(0.35,0.65)
	(0.50,0.45)
	(0.35,0.65)
	(0.35,0.65)
	(0.50,0.45)

	OR3
	(0.65,0.35)
	(0.50,0.45)
	(0.50,0.45)
	(0.50,0.45)
	(0.50,0.45)
	(0.50,0.45)

	OR4
	(0.65,0.35)
	(0.75,0.25)
	(0.65,0.35)
	(0.65,0.35)
	(0.65,0.35)
	(0.75,0.25)

	OR5
	(0.50,0.45)
	(0.50,0.45)
	(0.50,0.45)
	(0.50,0.45)
	(0.35,0.65)
	(0.35,0.65)

	OR6
	(0.85,0.15)
	(0.85,0.15)
	(0.75,0.25)
	(0.75,0.25)
	(0.75,0.25)
	(0.85,0.15)

	OR7
	(0.15,0.85)
	(0.25,0.75)
	(0.15,0.85)
	(0.25,0.75)
	(0.15,0.85)
	(0.15,0.85)

	OR8
	(0.35,0.65)
	(0.35,0.65)
	(0.25,0.75)
	(0.25,0.75)
	(0.35,0.65)
	(0.50,0.45)

	OR9
	(0.25,0.75)
	(0.15,0.85)
	(0.25,0.75)
	(0.25,0.75)
	(0.25,0.75)
	(0.25,0.75)

	OR10
	(0.25,0.75)
	(0.25,0.75)
	(0.25,0.75)
	(0.15,0.85)
	(0.25,0.75)
	(0.25,0.75)

	OR11
	(0.35,0.65)
	(0.35,0.65)
	(0.35,0.65)
	(0.35,0.65)
	(0.35,0.65)
	(0.25,0.75)


Then, we consider Step 2 for the calculation of DMs’ weights. First, the score functions of the individual risk scoring information are obtained using Eq. (12), and the result is provided in Table 8. Then, the weights can be obtained using Eqs. (13) and (14). 
Table 8 The score functions for the individual risk scoring matrix. 
	No
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	C
	E
	P
	C
	E
	P
	C
	E
	P
	C
	E
	P

	OR1
	0.703
	0.616
	0.517
	0.616
	0.616
	0.616
	0.616
	0.616
	0.616
	0.616
	0.517
	0.616

	OR2
	0.517
	0.517
	0.384
	0.616
	0.517
	0.384
	0.517
	0.384
	0.517
	0.384
	0.384
	0.517

	OR3
	0.616
	0.517
	0.517
	0.517
	0.616
	0.616
	0.616
	0.517
	0.517
	0.517
	0.517
	0.517

	OR4
	0.703
	0.616
	0.616
	0.616
	0.805
	0.703
	0.616
	0.703
	0.616
	0.616
	0.616
	0.703

	OR5
	0.517
	0.384
	0.517
	0.384
	0.517
	0.517
	0.517
	0.517
	0.517
	0.517
	0.384
	0.384

	OR6
	0.703
	0.805
	0.703
	0.805
	0.703
	0.805
	0.805
	0.805
	0.703
	0.703
	0.703
	0.805

	OR7
	0.195
	0.195
	0.297
	0.195
	0.195
	0.195
	0.195
	0.297
	0.195
	0.297
	0.195
	0.195

	OR8
	0.384
	0.384
	0.384
	0.384
	0.517
	0.384
	0.384
	0.384
	0.297
	0.297
	0.384
	0.517

	OR9
	0.297
	0.297
	0.384
	0.195
	0.384
	0.297
	0.297
	0.195
	0.297
	0.297
	0.297
	0.297

	OR10
	0.297
	0.195
	0.297
	0.195
	0.195
	0.195
	0.297
	0.297
	0.297
	0.195
	0.297
	0.297

	OR11
	0.384
	0.384
	0.384
	0.384
	0.384
	0.297
	0.384
	0.384
	0.384
	0.384
	0.384
	0.297


Table 9 The weight of each DM
	No
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	C
	E
	P
	C
	E
	P
	C
	E
	P
	C
	E
	P

	OR1
	0.105
	0.097
	0.105
	0.276
	0.254
	0.276
	0.170
	0.157
	0.170
	0.449
	0.492
	0.449

	OR2
	0.070
	0.046
	0.056
	0.220
	0.232
	0.284
	0.136
	0.120
	0.109
	0.574
	0.603
	0.550

	OR3
	0.084
	0.082
	0.082
	0.265
	0.258
	0.258
	0.137
	0.159
	0.159
	0.513
	0.500
	0.500

	OR4
	0.105
	0.142
	0.122
	0.276
	0.250
	0.281
	0.170
	0.202
	0.198
	0.449
	0.406
	0.400

	OR5
	0.056
	0.061
	0.061
	0.284
	0.228
	0.228
	0.109
	0.118
	0.118
	0.550
	0.593
	0.593

	OR6
	0.167
	0.153
	0.157
	0.258
	0.271
	0.277
	0.208
	0.190
	0.223
	0.367
	0.385
	0.344

	OR7
	0.008
	0.009
	0.006
	0.217
	0.156
	0.157
	0.042
	0.030
	0.031
	0.732
	0.804
	0.807

	OR8
	0.030
	0.046
	0.033
	0.204
	0.232
	0.291
	0.078
	0.120
	0.112
	0.687
	0.603
	0.564

	OR9
	0.013
	0.015
	0.019
	0.216
	0.207
	0.210
	0.042
	0.080
	0.062
	0.729
	0.698
	0.709

	OR10
	0.009
	0.013
	0.013
	0.156
	0.216
	0.216
	0.030
	0.042
	0.042
	0.804
	0.729
	0.729

	OR11
	0.036
	0.036
	0.024
	0.242
	0.242
	0.209
	0.093
	0.093
	0.062
	0.630
	0.630
	0.705


Based on Table 9, we consider Step 3 for the generation of 
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. In virtue of Eq. (15), the matrix 
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 is given in Table 10. After that, we consider Step 4 for determining the reference points. In virtue of Eqs. (20) and (21), the reference points
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are also provided in Table 10. 
Table 10 The group risk matrix and reference points. 
	
	C
	E
	P

	OR1
	(0.663,0.338)
	(0.589,0.396)
	(0.638,0.359)

	OR2
	(0.488,0.526)
	(0.405,0.587)
	(0.461,0.510)

	OR3
	(0.544,0.426)
	(0.550,0.422)
	(0.550,0.422)

	OR4
	(0.663,0.338)
	(0.742,0.265)
	(0.723,0.278)

	OR5
	(0.468,0.500)
	(0.416,0.572)
	(0.426,0.560)

	OR6
	(0.805,0.197)
	(0.792,0.210)
	(0.819,0.182)

	OR7
	(0.231,0.776)
	(0.155,0.847)
	(0.151,0.849)

	OR8
	(0.289,0.717)
	(0.397,0.597)
	(0.443,0.537)

	OR9
	(0.235,0.771)
	(0.273,0.735)
	(0.253,0.748)

	OR10
	(0.157,0.846)
	(0.234,0.772)
	(0.235,0.771)

	OR11
	(0.350,0.650)
	(0.350,0.650)
	(0.262,0.741)
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	(0.805,0.197)
	(0.792,0.210)
	(0.819,0.182)
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	(0.157,0.846)
	(0.155,0.847)
	(0.151,0.849)


According to the matrix 
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, we consider Step 5 for the calculation of value functions concerning the three risk parameters. The value functions 
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 can be obtained using Eqs. (22)-(25) with the following condition 
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, the result is provided in Table 11. 
Table 11 The value functions concerning risk parameters. 
	No.
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	C
	E
	P
	C
	E
	P

	OR1
	-0.583
	-0.711
	-0.715
	0.534
	0.522
	0.535

	OR2
	-0.908
	-0.946
	-1.014
	0.461
	0.424
	0.486

	OR3
	-0.851
	-0.787
	-0.903
	0.514
	0.517
	0.522

	OR4
	-0.583
	-0.255
	-0.460
	0.534
	0.564
	0.561

	OR5
	-0.947
	-0.937
	-1.038
	0.485
	0.437
	0.452

	OR6
	0.000
	0.000
	0.000
	0.602
	0.594
	0.618

	OR7
	-1.192
	-1.336
	-1.391
	0.171
	0.000
	0.000

	OR8
	-1.103
	-0.952
	-1.025
	0.271
	0.415
	0.468

	OR9
	-1.183
	-1.091
	-1.190
	0.181
	0.244
	0.230

	OR10
	-1.354
	-1.154
	-1.222
	0.000
	0.181
	0.189

	OR11
	-1.038
	-0.994
	-1.180
	0.360
	0.362
	0.242


We consider Step 6 for the formation of the weight functions. First, in line with the weights determination procedure in literature Wang et al., 2022a()
, the group of DMs offers cognitive information on the importance degrees between the risk parameters through the scale expressed in Table 3, this information is given in Table 12. Then, the weights 
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are derived using Eqs. (26) and (27). Subsequently, the final weight functions of risk parameters are determined through Eqs. (28) and (29) with the conditions 
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, and the result is provided in Table 13.  
Table 12 The importance degrees of risk parameters from DMs. 
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	C
	EXI
	VSE
	VSE
	VSI

	E
	VSI
	SI
	SI
	SI

	P
	SI
	VSI
	EMI
	MI


Table 13 The weight functions of risk parameters  
	Risk parameters
	The calculation result of the risk parameters

	
	The group weights 
	The score functions 
	The final weights 
	The weight functions
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	C
	(0.858,0.437)
	0.774
	0.474
	0.438
	0.408

	E
	(0.621,0.685)
	0.459
	0.281
	0.315
	0.308

	P
	(0.591,0.743)
	0.399
	0.244
	0.290
	0.287


We consider Step 7 for the generation of the prospect value-based risk evaluation matrix. This matrix is gained by using Eq. (30), the result is expressed in Table 14.
Table 14 The prospect value-based risk evaluation matrix. 
	
	OR1
	OR2
	OR3
	OR4
	OR5
	OR6
	OR7
	OR8
	OR9
	OR10
	OR11

	C
	-0.038
	-0.210
	-0.163
	-0.038
	-0.217
	0.245
	-0.452
	-0.373
	-0.445
	-0.593
	-0.308

	E
	-0.063
	-0.167
	-0.089
	0.093
	-0.161
	0.183
	-0.421
	-0.172
	-0.268
	-0.308
	-0.202

	P
	-0.053
	-0.154
	-0.111
	0.028
	-0.171
	0.178
	-0.403
	-0.162
	-0.278
	-0.300
	-0.272


On the basis of the matrix given in Table 14, Step 8 is conducted to obtain the utility degrees of the ORs. First, the extended initial risk evaluation matrix 
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 is derived via Eqs. (31)-(33), the result is given in Table 15. Then, the utility degrees of all of the ORs are calculated by Eqs. (35)-(37), and the result is shown in Table 16. Subsequently, Steps 9 and 10 are performed to rank each OR. First, in virtue of Eqs. (38)-(40), the utility functions of the ORs can be obtained. After that, the final ranking is determined based on the utility functions, the result is also provided in Table 16. 
Table 15 The extended initial risk evaluation matrix. 
	
	OR1
	OR2
	OR3
	OR4
	OR5
	OR6
	OR7
	OR8
	OR9
	OR10
	OR11
	AAI
	AI

	C
	-0.038
	-0.210
	-0.163
	-0.038
	-0.217
	0.245
	-0.452
	-0.373
	-0.445
	-0.593
	-0.308
	-0.593
	0.245

	E
	-0.063
	-0.167
	-0.089
	0.093
	-0.161
	0.183
	-0.421
	-0.172
	-0.268
	-0.308
	-0.202
	-0.421
	0.183

	P
	-0.053
	-0.154
	-0.111
	0.028
	-0.171
	0.178
	-0.403
	-0.162
	-0.278
	-0.300
	-0.272
	-0.403
	0.178


Table 16 The calculation result of the final risk priorities.
	No.
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	Order

	OR1
	-0.254
	0.109
	0.082
	3

	OR2
	-0.876
	0.375
	0.284
	5

	OR3
	-0.599
	0.256
	0.194
	4

	OR4
	0.138
	-0.059
	-0.045
	2

	OR5
	-0.905
	0.387
	0.293
	6

	OR6
	1.000
	-0.428
	-0.324
	1

	OR7
	-2.105
	0.901
	0.682
	11

	OR8
	-1.166
	0.499
	0.378
	7

	OR9
	-1.635
	0.700
	0.530
	9

	OR10
	-1.981
	0.847
	0.642
	10

	OR11
	-1.290
	0.552
	0.418
	8


From Table 16, the ranking orders of the ORs are expressed as 
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. This result indicates that back injury (OR6) and down from altitude (OR4) have the highest risk priorities. Thus, in the preventive measures developing operation, more activities should be assigned. That is more risk control measures need to be invested in the two ORs in the elevator maintenance process.
4.3 Discussions 

To further demonstrate the rationality and advantages of the developed MARCOS method-based OR analysis framework in the construction operations with FFNs, sensitivity and comparison studies are conducted in the numerical example mentioned above. 
4.3.1. The sensitivity analysis 
In the application of the proposed framework, the ranking order of each OR in the elevator maintenance process may be influenced by the parameter 
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. To explore the impact of value change in the parameter 
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 on the final risk ranking orders, we conduct a sensitivity study of this parameter with different values. To this end, we rank each OR using Eqs. (24)-(40) with different values of the parameter 
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. The calculation result is provided in Table 17. 
Table 17 The final risk priorities under different values. 
	No
	Situation 1
	Situation 2
	Situation 3
	Situation 4
	Situation 5
	Situation 6
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	Ranking

	OR1
	-0.014
	3
	0.043
	3
	0.176
	3
	0.254
	3
	0.302
	3
	0.333
	3

	OR2
	-0.001
	5
	0.231
	5
	0.396
	5
	0.480
	5
	0.528
	5
	0.560
	5

	OR3
	-0.008
	4
	0.146
	4
	0.302
	4
	0.387
	4
	0.438
	4
	0.471
	4

	OR4
	-0.021
	2
	-0.075
	2
	0.033
	2
	0.104
	2
	0.149
	2
	0.179
	2

	OR5
	-0.001
	6
	0.239
	6
	0.407
	6
	0.492
	6
	0.542
	6
	0.573
	6

	OR6
	-0.037
	1
	-0.333
	1
	-0.279
	1
	-0.224
	1
	-0.184
	1
	-0.156
	1

	OR7
	0.033
	11
	0.618
	11
	0.793
	11
	0.857
	11
	0.887
	11
	0.904
	11

	OR8
	0.007
	7
	0.322
	7
	0.490
	7
	0.571
	7
	0.616
	7
	0.644
	7

	OR9
	0.020
	9
	0.471
	9
	0.640
	9
	0.712
	9
	0.749
	9
	0.771
	9

	OR10
	0.029
	10
	0.579
	10
	0.753
	10
	0.819
	10
	0.851
	10
	0.869
	10

	OR11
	0.010
	8
	0.361
	8
	0.529
	8
	0.607
	8
	0.649
	8
	0.675
	8
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Fig.3 The risk priority values of ORs under different situations.
Table 17 presents the outcomes of OR priorities and their ranking orders with different values of the parameter 
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. The result indicates that the attenuation factor of the losses almost does not affect the risk priority ranking orders because the ranking orders of all of the ORs are consistent with different values of the parameter 
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. On the other side, Table 17 reports that the risk priority value of each OR is significantly different under the six situations (see Fig.3). From Fig. 3, it is easy to find that the risk priority values of the ORs increase with the value of parameter 
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 except for the ORs OR6 and OR4. These results demonstrate that the proposed framework is robust to the OR evaluation in the elevator maintenance process under a subjective and uncertain environment. 
4.3.2. Comparison analysis 
To further test the reliability and superiority of the proposed framework, this sub-section describes two kinds of comparison studies, namely, comparison analysis using Fermatean fuzzy risk information and comparative analysis using different risk information. The former is conducted to illustrate the advantages of the proposed framework compared with different risk priority determining approaches. The latter is performed to show the feasibility of the proposed framework compared with other hybrid Fine-Kinney models. It’s worth mentioning that both comparison analyses utilize the case stated in Section 4.1. The details of the two comparison analyses are presented as follows. 
(1) Comparison analysis using Fermatean fuzzy risk information 

To further test the advantages of the proposed Fermatean fuzzy Fine-Kinney framework, the comparison exploration of the presented MARCOS method-based Fine-Kinney framework with the other popular ranking approaches with Fermatean fuzzy information in the literature is conducted. According to the chosen approaches described by Gul et al. (2021a)
, we select the compared approaches including the FFS-based TOPSIS (Method 1-I), and FFS-based MULTIMOORA (Method 1-II), FFS-based CODAS (Method 1-III), and FFS-based ARAS (Method 1-IV). Adopting the Fermatean fuzzy risk scoring information provided in Table 7,  the risk ranking results determined by these approaches are shown in Fig. 4. 
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Fig.4. The risk ranking results using the same risk information.

From Fig. 4, it is obvious to find that there is a high degree of consistency between the ranking orders of ORs gained by the proposed framework and the other four methods. Further, the correlation coefficients of the ranking orders derived by the proposed framework and the other four methods are denoted as 
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. These results indicate that the proposed framework is a feasible technique for resolving the OR analysis for the activities in the elevator maintenance process. On the other hand, there are a number of inconsistent results between the proposed framework and the other four methods. Compared with Methods 1-I, 1-II, and 1-IV, the proposed method has better generalization ability because of its lower duplication rate. The lower duplication rate risk evaluation result can offer a more instrumental guideline for the stakeholders to take the risk prevention measures for operations in the elevator maintenance process. Compared with Method 1-III, the different ranking results are distributed in ORs OR2 and OR5. The CODAS method for the risk priority calculation procedure is based on the distance between each OR and the negative ideal risk scoring information. However, the proposed framework is based on the distance between each OR and both of the negative and positive ideal risk scoring information. Consequently, the proposed framework can provide a more reliable and reasonable calculation result for the risk analysis in the elevator maintenance process. 
(2) Comparison analysis using different risk information 

Moreover, to show the superiority of the developed framework in the OR ranking procedure, the comparison exploration with the other fuzzy MCDM approaches based Fine-Kinney frameworks is performed to test its feasibility. The fuzzy BWM (best-worst method) is the OR risk analysis method proposed in the original case study. Then, the TODIM method based Fine-Kinney framework considers the DM’s bounded rational behavior. The MULTIMOORA-based Fine-Kinney ranks OR using the reference point approach. The GLDS method based Fine-Kinney determines the ranking order of each OR considering the DM’s preference attitude. According to the above discussion, we can find that the latter three methods have a certain degree of similarity with the proposed framework. For this reason, we select the following Fine-Kinney frameworks which include the conventional Fine-Kinney (Method 2-I), the fuzzy BWM (Method 2-II) Mohandes and Zhang, 2019()
, the type 2 fuzzy TODIM (Method 2-III) Tang et al., 2021()
, the triangular fuzzy MULTIMOORA (Method 2-IV) Wang et al., 2018a()
, and the type 2 fuzzy GLDS method (Method 2-V) Wang et al., 2022b()
. Utilizing the linguistic risk scoring information provided in Table 6, we conduct a comparative study of the proposed framework with the chosen MCDM approach-based Fin-Kinney frameworks. The priority ranking order of each OR in the maintenance activities calculated by the six Fine-Kinney frameworks is shown in Fig. 5. 
As can be seen from Fig.5, in all of the six frameworks, the ORs OR6 and OR4 have the highest risk priority ranking orders, and the OR OR7 has the lowest risk priority ranking order. Moreover, the correlation coefficients of the proposed framework and the other five frameworks are close to 1. These results show that the OR analysis result derived by the proposed framework has relatively high consistency with the other frameworks. It also demonstrates that the proposed framework is suitable for the OR analysis of the activities in the elevator maintenance process. However, there are still some conflicting results between the proposed framework and the other frameworks. The reasons for this consistency can be explained as follows: (1) In Method 2-I, both the uncertain risk scoring information and the weights of risk parameters are not taken into consideration in the risk priority calculation process. (2) In Method 2-II, the risk priority is determined by the weights of risk parameters which cannot fully depict the actual states of these ORs. (3) In Method 2-III, the priority degrees of DMs are not considered. It also cannot distinguish the priority ranking orders of occupational OR2, OR5, OR7, and OR10, which may cause a biased risk prevention measure. (4) In Method 2-IV, the wide range of uncertain risk scoring information is not fully handled. The priority degrees of ORs OR2 and OR5 cannot be identified. (5) In Method 2-V, the priority ranking orders of ORs OR9 and OR10 are contrary to that derived by the proposed framework and the other frameworks. This inconsistency indicates that the risk analysis results in Method 2-V are less reasonable. Further, the proposed framework can overcome these drawbacks existing in the other frameworks. Consequently, we can conclude that the proposed framework is a more reasonable and reliable tool for the OR analysis of elevator maintenance activities within complex and uncertain scenarios.   
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Fig.5. The risk priority ranking results under different approaches.

Based on the sensitivity and comparison studies, the advantages of the proposed Fine-Kinney framework for addressing the OR analysis problem in the elevator maintenance process can be summarized from the following aspects: 

(1) The FFSs-based risk scoring information expression approach can provide the DMs a more flexible way to provide their cognitive information about the ORs in the elevator maintenance activities. It also can depict more wide range of the uncertain risk cognition information in the individual risk decision matrix generation procedure. 
(2) The PWA operator for FFNs is proposed to construct the individual risk information fusion method which can reflect the priority degrees of the DMs in the OR analysis process. Thus, this method can provide a more actual group risk matrix for the calculation of OR priority. 
(3) The extended MARCOS method based on PT is proposed to handle the risk priority calculation problem of OR for the elevator maintenance activities. This method can incorporate the bounded rational behavior characteristics of DMs into the risk priority calculation procedure under an uncertain and subjective environment. This method also can provide a more reliable OR analysis result because it determines the ranking orders based on distance measures from the positive and negative ideal risk values. 
4.3.3 Practical implications 
This paper provides a standard methodology for potential OR managers of elevator maintenance operations to identify, rank, and control risks in maintenance activity design procedures. First, the FFNs-based risk rating scale gives DMs guidance to determine the risk scores of OR under each risk parameter. Second, the PWA operator-based risk information fusion method helps managers to obtain the group risk rating information considering the heterogeneity and authority of each decision expert. Thirdly, the developed MARCOS method-based risk ranking framework provides a robust and stable quantitative OR evaluation tool for managers in the elevator maintenance activity. This framework can enhance the reliability of OR analysis results which can provide the stakeholders more reasonable and flexible guidance to recognize the serious risks in practice. 
5. Conclusions 
The Fine-Kinney model is an effective technique for addressing the OR analysis problem. However, the current Fine-Kinney model-based risk analysis framework possesses a couple of limitations, such as modeling the prioritization degrees and the psychological characteristics of DMs. To this end, the PWA operator and PT are integrated with the MARCOS method for the Fine-Kinney-based OR analysis problem. After that, an OR case analysis for the elevator maintenance activities is displayed to test the proposed framework is a practical and effective technique for OR analysis within complex and uncertain circumstances. The result demonstrates that the proposed framework can provide a valuable tool for stakeholders in the OR analysis process. For this reason, this developed framework will provide a guideline for the risk managers and even stakeholders who will identify and rank occupational risks in the elevator maintenance activity. It is expected that this framework can be successfully adopted in any alternative ranking situation with an uncertain and group decision-making environment, such as green supplier selection, strategy analysis of new energy, and healthcare management. 
The novelties of this article are summarized as follows: (i) the OR risk analysis problem in construction filed with Fermatean fuzzy information is figured out for the first in the literature. (ii) The FFNs-based seven-point risk rating scale is incorporated into the Fine-Kinney model which is the first time in the literature of Fine-Kinney. This scale offers a more general perspective for expressing the DM’s uncertain risk preference. It also overcomes the limitations of the IFS- and PFS-based risk rating scale. (iii) The PWA operator-based group risk matrix construction method provides DMs and risk managers with a more realistic risk rating information fusion tool. This method can consider the impact of the heterogeneous importance degree of each DM. (iv) For the first time, the Fermatean fuzzy MARCOS method is combined with PT for the alternative ranking which can account for the influence of DM’s bounded rational behavior under an uncertain environment. (v) The hybrid MARCOS method is integrated with Fine-Kinney for addressing OR analysis problem which is the first time in the literature. This Fine-Kinney framework also provides a robust and stable risk ranking approach for practitioners to follow up.  
There are still some limitations in the proposed framework that can be recommended for future directions. First, the risk priority values are determined only based on three parameters. However, they are defined based on more parameters, i.e., cost. Hence, incorporating more risk parameters into the Fine-Kinney framework may be a suitable direction for future research. Second, the weights of risk parameters are calculated based on subjective judgment, which may cause a less rational result. In such cases, developing a hybrid weighting method for risk parameters is recommended as another future direction. Moreover, the reported framework can be employed to cope with the OR evaluation or occupational hazard analysis problems in other fields, such as healthcare, transportation, manufacturing operations, construction operations, and railway systems. Finally, for further study, instead of FFS, spherical fuzzy sets can be combined with the extended MARCOS method and Fine-Kinney to rank the potential OR. 
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Appendix A.

1. The proof of Theorem 1.
Proof. First, we first prove that Eq. (30) holds for 
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Accordingly, Eq. (30) is accurate for 
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Then, when 
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Consequently, Eq. (30) is true for 
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2. The proof of Theorem 2.
Proof. According to Eqs. (4) and (6) and the assumption that 
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3. The proof of Theorem 3.
Proof. Assume that the elements 
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Accordingly, in the light of the score function, the Theorem 3 is proved.  □
4. The proof of Theorem 4.
Proof. Assume that 
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Then, we can obtain the inequality denoted as follows:
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Similarly, the inequality for the non-membership grade is denoted as follows:
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Accordingly, in the light of the score function, the Theorem 4 is proved. 
Appendix B.
	The list of abbreviations

	AHP: Analytic hierarchy process
	IT2FSs: Interval type-2 fuzzy sets

	BWM: Best-worst method
	MARCOS: Measurement of alternatives and ranking to Compromise solution

	CoCoSo: Combined compromise solution
	MCDM: Multi-criteria decision-making

	COPRAS: Complex proportional assessment
	MULTIMOORA: Multi-Objective Optimisation based on Ratio Analysis plus the full MULTIplicative form

	DMs: Decision-makers 
	OR: Occupational risk

	FMEA: Failure mode and effect analysis 
	ORESTE: Organisation, Rangement Et SynThèse de donnéEs relarionnelles

	FFN: Fermatean fuzzy number 
	PMGs: Pythagorean membership grades

	FFS: Fermatean fuzzy set
	PT: Prospect theory

	FMGs: Fermatean membership grades
	RP : Risk prioritization

	GLDS: Gained and lost dominance score
	RS: Risk score

	GWA: Generalized weighted average
	SCEA: Safety and critical effect analysis

	HAZOP: Hazard and operability study
	TOPSIS: Technique for order preference by similarity to ideal solution

	IFS: Intuitionistic fuzzy Set
	TrFNs: Triangular fuzzy numbers

	IMGs: Intuitionistic membership grades
	WAP: Weighted power average
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