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Abstract

:

Project-oriented manufacturing companies aim to produce high-quality products according to customer requirements and a minimum rate of complaints. In order to achieve this, performance indicators, especially those related to product quality, must be measured and monitored by managers. This research proposes a fuzzy multi-criteria model for the selection of key performance indicators that are critical to product quality. The uncertainties in the relative importance of decision-makers, performance indicators, and their values are described by sets of natural language words that are modeled by the interval-valued intuitionistic fuzzy numbers. The assessment of the relative importance of the decision-makers and the determination of their weights are based on the inclusion comparison probability between the closeness intuitionistic fuzzy sets. The determination of the weights vector of performance indicators is based on the integration of an interval-value fuzzy weighted geometric operator and the inclusion comparison probability between the closeness intuitionistic fuzzy sets. TOPSIS expanded with interval-valued intuitionistic fuzzy numbers for ranking performance indicators is proposed. The developed model was tested on the real data collected from three manufacturing companies in the Republic of Serbia. Based on the obtained results, the top-ranked performance indicators were marked as critical for product quality and selected as quality key performance indicators.
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1. Introduction


It can be noticed that technology is the key to a successful business in companies operating in the process industry. To be competitive, companies use advanced technology that will allow them to increase productivity, reduce costs, and increase product quality [1]. These days, advanced technology is mainly defined in Industry 4.0. Specifically, there are several promising technologies related to digitalization (Augmented Reality, Big Data, and Analytics, the Industrial Internet of Things, Digital Twin, Cloud Computing, Cobots, etc.) [2,3]. Product quality and quality systems improvement might be seen as support systems for the efficient deployment of advanced technology. Those improvements can be achieved through mathematical modeling whose solutions represent a foundation for the development of methods that can be used for automated quality control and artificial intelligence-based quality control [4]. For instance, the application of a robust fuzzy system can lead to an improvement in the performance of the path-following control autonomous vehicles problem [5]. For customers of manufacturing companies, the term quality refers to the quality of the final product that should follow their requirements. Previously, the management of companies did not consider the amount of money lost on non-compliant parts and product complaints. Today, management is increasingly aware of the importance of quality and solving problems related to product quality. Companies in the process industries with no quality management systems established in their process are rare.



However, solely establishing a quality management system is not enough to achieve a quality product. Companies need to manage the performance, such as cost, time, quality, productivity, flexibility, safety, etc. [6,7], of the various business processes involved in creating the final product. Therefore, management is to measure, monitor, and analyze quality performance using key performance indicators (KPIs) [8,9]. KPIs are measurable values that show the achievement level of business process performance [10]. The usage of the KPI quality control should ensure the best possible quality of the product. Obtaining information about the values of KPIs in real-time allows management to understand how quality influences the production process and which activities they can undertake to increase the quality.



A number of KPIs are associated with quality that management can employ, depending on the specific needs to improve product quality [11,12,13]. The publications offer too many KPIs, while in practice, quality management usually focuses on monitoring and measuring several critical performance indicators (PIs). Everything stated above supports the motivation for this research: how to select KPIs that are critical to a product’s quality.



Relevant sources [14,15,16] suggest that there is no optimal model for the selection of appropriate KPIs for a specific company. Many techniques and methods for selecting and ranking KPIs are available in the literature and applied in manufacturing companies.



The framework based on Analytical Hierarchy Process (AHP) and according to the SMART criteria (Simple, Measurable, Attainable, Realistic, and Time-related) was developed to select and rank KPIs that are more relevant for the realization of organizational goals [14]. The authors suggested the most relevant KPIs within each of the four BSC perspectives. Kaganski et al. [15] selected the three most relevant KPIs (actual production time, product quality/quality ratio, and on-time delivery) by using the fuzzy AHP and SMARTER criteria (Specific, Measurable, Achievable, Relevant, Time-bound, Evaluated on a regular basis, and Recognized). The integrated fuzzy AHP technique and benchmarking model were used to identify KPIs for internal supply chain management in manufacturing industries [17]. Also, based on the AHP methodology, the model for assessing KPIs was developed, and 32 KPIs were grouped into six activity areas (production, quality, financial, customer contentment, employee satisfaction, and environmental protection) for the flexible packaging industry [16]. Amaladhasan et al. [18] developed an evaluation model to prioritize the green supply chain KPIs by using the eco-balanced scorecard framework. They employed two methods, fuzzy VIseKriterijumska Optimizacija I Kompromisno Resenje (VIKOR) and gray relational analysis. Torbacki and Kijewska [19] identified KPIs for the logistics and manufacturing process by respecting concepts of Logistics 4.0, Industry 4.0, and sustainable development and applying the Decision-Making Trial and Evaluation Laboratory (DEMATEL) methodology. The model for assessing and prioritizing 27 sub-KPIs segregated into six categories (management, quality, operations, economics, environmental, and social) was developed using the best-worst method [20]. Brint et al. [21] reduced 28 KPIs to eight by using Principal Component Analysis for selecting KPIs and the TOPSIS method for validating the selection process. Some authors developed the Analytic Network Process (ANP) based methodology to guide managers in selecting and ranking relevant KPIs [22,23]. According to the authors, the application of the ANP model in the process of KPIs selection and ranking should help managers to identify areas for improvement and ensure more transparent manager decisions.



The selected KPIs that are employed in this research are suitable to be acquired by the concept of the Internet of Things. This means that the existing manufacturing company needs to implement equipment that supports the appropriate Internet and communication standards to support the acquisition, transfer analysis, and decision-making within the Internet of Things [24,25].



For KPI selection, all PIs need to be assessed in terms of their relative importance and values. Assessments of the relative importance and value of PIs are difficult to perform by using measurement scales with precise numbers for two reasons. First, decision-makers (DMs) can express their assessments using natural language words better than using numerical values. Other reasons are the rapid and continuous changes in the environment, so in many companies, it is difficult to describe the values of PIs with precise numbers. In the literature, many papers describe the procedures of transforming the linguistic variables into intuitionistic fuzzy sets, which is a sufficiently good manner to quantitatively describe the uncertain variables [26,27].



In this research, TOPSIS (Technique for Order Performance by Similarity to Ideal Solution) [28] expanded with IVIFNs (interval-valued intuitionistic fuzzy numbers) (IV-TOPSIS) for ranking PIs is proposed. The literature analysis reveals that many papers where TOPSIS has been modified with IVIFNs [29,30,31,32,33,34]. Determination of DMs importance can be given by using different approaches. There, the interval-valued intuitionistic Fuzzy Positive Ideal Solution (IV-FPIS) and the interval-valued intuitionistic Fuzzy Negative Ideal Solution (IV-FNIS) are defined by the analogy to the procedure proposed by Eraslan [35]. Different distance measures can be employed to determine the distance between IV-FPIS and IV-FNIS. The normalized Euclidean distance is mostly used. The rank of considered alternatives concerning all criteria and their weights is usually based on distance measures and the procedure proposed in conventional TOPSIS [29,31,32,33,34], as in this research.



In the literature, there are no papers in which the selection of KPIs from the set of considered PIs is based on the application of multi-attribute decision-making with IVIFNs. This paper solves the named research gap.



The main objective of this research may be interpreted as the selection of KPIs among a finite set of PIs through the DMs’ assessment and the determined rank of PIs by using the proposed IV-TOPSIS. To deliver the main objective, a set of activities needs to be met: (a) modeling existing uncertainties by the IVIFNs; (b) assessment of the relative importance of the DMs in a direct way, and the determination of the weights vector of DMs based on the inclusion comparison probability between the closeness intuitionistic fuzzy sets [36,37]; (c) determination of weights vector of PIs based on the integration of an interval-value fuzzy weighted geometric operator (IVIFWG) [38] and the inclusion comparison probability between the closeness intuitionistic fuzzy sets [36,37]. By achieving the main objective of the research, project-oriented manufacturing companies can measure appropriate KPIs and enhance their value, so consequently, the cost of poor quality should be reduced.



The rest of the paper is organized as follows. Section 2 presents the proposed model. In Section 3, the proposed model is assessed on real data from manufacturing companies and the results are presented and discussed, and Section 4 sets a conclusion.




2. Materials and Methods


2.1. Comparative Analysis of IV-TOPSIS


One of the classical multi-attribute decision-making methods, which has a wide application in solving ranking problems is TOPSIS, which was developed by Hwang and Yoon [28]. According to Nijkamp, Rietveld, and Voogd [39], TOPSIS belongs to ragging methods. It embraces different criteria with different units considered [40]. Many authors have extended the TOPSIS method with IVIFNs as presented in Table 1.



The differences between the proposed models and the model developed in this research are analyzed in detail in the following table. Differences that, in the author’s opinion, can be regarded as contributions to this research are marked.



2.1.1. Determination of Weights Criteria


Analysis of the papers, presented in Table 1, clearly shows that many proposed procedures were used to determine the weights of the criteria. All proposed procedures for determining criteria weights are based on the assumption that it is adequate to use a direct method of assessment. Chen [41] believes that all considered criteria have equal weight so that it does not affect the final ranking of considered alternatives.



Determination of the weights vector is stated as a single decision-making problem [29,30,42]. Kumar and Garg [42] and Onat et al. [29] considered that the weights of criteria are described as precise numbers. Wang and Chen [30] introduced the assumption that weights of criteria are described by pre-defined linguistic expressions, which are modeled by IVIFNs.



The assumption that the problem of determining criteria weights should be stated as a fuzzy group decision-making problem, was introduced in all other analyzed papers [31,32,33,34,45], as well as in our research. Some authors have assumed that DMs have equal importance [34,45]. Within this assumption, the aggregation of DM assessment into a single assessment was performed using advantage scores and disadvantage scores [45]. Abdullah et al. [34] used the mean value method for aggregating assessments of DMs.



In other papers [31,32,33], authors believe DMs have different importance. Boran et al. [46] have developed a procedure for determining the weights of DMs that were applied in those papers. In this way, the weights of DMs are described by precise numbers. In this research, weights of DMs are given by using the inclusion comparison probability between the closeness intuitionistic fuzzy sets [36]. Also, the weights of DMs are described by precise numbers. The method of determining the weights vector of DMs represents the main difference between our research and the rest analyzed papers.



The aggregated criteria are given by using the different aggregation operators:




	
An interval-valued intuitionistic fuzzy weighted averaging operator (IVIFWA) [31,32,33]; in this way, criteria weights are described by IVIFNs.



	
Combining an intuitionistic fuzzy weighted fuzzy geometric operator (IVIFWG) and the inclusion comparison probability between the closeness of intuitionistic fuzzy sets [36]; in this way, the criteria weights are crisp, and the complexity of calculations is reduced when forming the weighted fuzzy decision matrix.









2.1.2. IV-TOPSIS


Differences between various TOPSIS with IVIFNs and the IV-TOPSIS were analyzed in further detail. The largest number of authors use:




	
Five linguistic expressions to describe the relative importance of considered items [32,33,41],



	
Seven linguistic expressions [29] as in this research,



	
Ten linguistic expressions [31],



	
Some authors did not specify pre-defined linguistic expressions [30].








It should be emphasized that there is no recommendation on how to determine the number of pre-defined linguistic terms used to describe existing uncertainties. Many researchers believe that the number of linguistic expressions depends on the size and complexity of the ranking problem.



Based on the analysis of the papers in Table 1, it can be concluded that used IVIFNs are defined at different intervals. In other words, the determination of the interval of IVIFNs is significantly burdened by the subjective views of DMs.



Many authors considered that the value of the alternatives should be set as a fuzzy group decision-making problem [29,31,32,33,41,42,45]. Aggregation of different opinions of DMs into the unique mark is performed by using various aggregation operators:




	
An interval-valued intuitionistic fuzzy weighted averaging operator (IVIFWA) [29,31,32,33,45],



	
An n interval-valued intuitionistic fuzzy ordered weighted averaging operator (IIOWA) [41],



	
The proposed procedure [42].








Some authors have assumed that the assessment of the criteria for each alternative could be stated as a single problem [30,34] as in this research. Respecting the treated problem, the authors of this research believed that the assessment of the value of PIs should be made by consensus.



In almost all the analyzed papers, the authors assumed the criteria are of the same type or that DMs must take care of the type of criteria during the assessment. In practice, it is almost impossible for the criteria, according to which the alternatives are evaluated, to be of the same type. On the other hand, it is difficult to collect accurate data if it is assumed that DMs should take care of the type of criteria. Respecting these facts, the authors of the paper believe that it is necessary to transform the fuzzy decision matrix into the normalized fuzzy decision matrix, similar to [42].



IV-FPIS and IV-FNIS are determined by using operators   m a x   and   m i n  , respectively, as suggested by Eraslan [35].



The closeness coefficient is calculated according to the proposed procedure in conventional TOPSIS [28] by using the normalized Euclidean distance [43] in papers by [29,31]. In our research, the normalized Euclidean distance [47] is used, as well as in papers by [32,33].



In some papers, the determination of the value of the closeness coefficient is based on a combination of conventional TOPSIS [28] and:




	
The inclusion comparison probability between the closeness intuitionistic fuzzy sets [36] in [41],



	
The aggregated connection numbers [42],



	
A degree of similarity [44] and linear programming model [30,45].








The various proposed IV-TOPSIS are applied to solve ranking problems in different management domains, (see Table 1).





2.2. The Proposed Model


The TOPSIS with the interval value intuitionistic fuzzy sets (IV-TOPSIS) for ranking quality PIs is presented in Figure 1.



Further clarification is needed for mathematical operations on intuitionistic fuzzy sets. The calculations provided in this research are based on the fuzzy algebra rules on IVIFNs, which are presented in the Appendix A.



2.2.1. Definition of a Finite Set of Quality Performance Indicators


According to the best industrial practice insights, monitoring and measurement of PIs can lead to improved product quality. Many papers, in which quality PIs in manufacturing companies are defined, selected, and/or ranked, can be found in the literature [38]. In this research, the list of PIs is generated in compliance with the voice of DMs from analyzed manufacturing companies as they track the real-life field circumstances, so it might be considered comprehensive. Generally, PIs may be presented by the set of indices     1 , … , i , … , I     where  I  presents the total number of PIs, and the index of each PI is denoted as   i ,   i = 1 , … , I  .




2.2.2. Definition of a Finite Set of Decision-Makers


In manufacturing companies that operate in a real environment, it is common for several DMs to participate in the decision-making process. They can be presented by the set of indices     1 , … , e , … , E     where  E  presents the total number of DMs, and the   e ,   e = 1 , … , E   is the index of DM. In this research, DMs should be chosen among quality managers, production managers, and sales managers from manufacturing companies.




2.2.3. Choice of Appropriate Linguistic Variables for Describing the Existing Uncertainties


In this paper, uncertainties about the relative importance of DMs, the relative importance of PIs, and the PI values are described by pre-defined sets of natural language words. Respecting the type of uncertainty, the number of linguistic terms is defined. These linguistic expressions are modeled by IVIFNs.



The membership function and non-membership function are set in intervals, and the values in the intervals are determined based on the author’s estimates, respecting the relevant literature (see Table 1).



It is assumed that the relative importance of DMs, the relative importance of PIs, and the values of PIs are adequately described by using a three-point scale, nine-point scale, and seven-point scale, respectively, as shown in Table 2, Table 3 and Table 4 below.




2.2.4. Determination of Weights Vector of Decision-Makers


Respecting the aim of the considered problem as well as best practice experiences conclusion is that DMs do not have equal relative importance. The relative importance of DMs is assessed by top managers of analyzed companies.




2.2.5. Determination of Weights Vector of Performance Indicators


The determination of the weights vector of PIs is based on the knowledge and experience of DMs from different companies in the same sector of the economy. It is assumed that DMs assess the relative importance of PIs by using pre-defined linguistic expressions (see Table 2). The relative importance of PI   i ,   i = 1 , … , I   should be assessed by DM   e ,   e = 1 , … , E   and modeled by IVIFNs,     W ˜   i e    . The aggregated relative importance of PI   i ,   i = 1 , … , I   is calculated using a standard interval-valued intuitionistic fuzzy geometric operator (IVIFWG) [38]:


    W ˜  i  = I V I F W G       W ˜   ie     =           ∏  e = 1 , … E         a  i e        ω e    ,   ∏  e = 1 , … E         b  i e        ω e      ,           1 −   ∏  e = 1 , … E        1 −  c  i e        ω e      ,   1 −   ∏  e = 1 , … E        1 −  d  i e        ω e               



(1)







Determination of the normalized weights vector of PIs is given in a similar way to the normalized weights vector of DMs, which can be formally presented:


     θ 1  , … ,  θ i  , … ,  θ I     



(2)








2.2.6. The Proposed IV-TOPSIS


A proposed extension of TOPSIS with IVIFNs is presented.



Step 1. Set fuzzy decision matrix:


        x ˜   i p       I x P    



(3)




where:



Elements of the fuzzy decision matrix represent PI values at the level of company   p ,   p = 1 , … , P  . These values are assessed by the quality manager using pre-defined linguistic terms and corresponding IVIFs,     x ˜   i p    :


    x ˜   i p   =      a  i p ,    b  i p     ,    c  i p   ,  d  i p        



(4)







Step 2. Determine the normalized fuzzy decision matrix:


        r ˜   i p       I x P    



(5)




where:


    r ˜   i p   =      A  i p ,    B  i p     ,    C  i p   ,  D  i p        



(6)







Normalized values are obtained by using the procedure [42]:




	
benefit type










   A  i p   =    a  i p         ∑  p      2 −  c  i p   −  d  i p      2       



(7)






   B  i p   =    b  i p         ∑  p      2 −  c  i p   −  d  i p      2       



(8)






   C  i p   = 1 −   1 −  c  i p         ∑  p       a  i p   +  b  i p      2       



(9)






   D  i p   = 1 −   1 −  d  i p         ∑  p       a  i p   +  b  i p      2       



(10)







	
cost type







    A  i p   =       1 −  c  i p       − 1         ∑  p           a  i p       − 1   +      b  i p       − 1      2        



(11)






    B  i p   =       1 −  d  i p       − 1         ∑  p           a  i p       − 1   +      b  i p       − 1      2        



(12)






    C  i p   = 1 −        a  i p       − 1         ∑  p          1 −  c  i p       − 1   +     1 −  d  i p       − 1      2        



(13)






    D  i p   = 1 −        b  i p       − 1         ∑  p          1 −  c  i p       − 1   +     1 −  d  i p       − 1      2        



(14)





Step 3. Construct the weighted normalized fuzzy decision matrix:


        z ˜   i p       I x P    



(15)




where:


    z ˜   i p   =  θ i  ·   r ˜   i p    



(16)




and


    z ˜   i p   =      α  i p ,    β  i p     ,    γ  i p   ,  δ  i p        



(17)







Step 4. At the level of each company   p ,   p = 1 , … , P  , is determined IV-FPIS,     z ˜  p +    and IV-FNIS,     z ˜  p −    by using   m a x   and   m i n   operators [35].


    z ˜  p +  =       max   i = 1 , … , I    α  i p   ,   max   i = 1 , … , P    β  i p     ,     min   i = 1 , … , P    γ  i p   ,   min   i = 1 , … , P    δ  i p        



(18)






    z ˜  p −  =       min   i = 1 , … , P    α  i p   ,   min   i = 1 , … , P    β  i p     ,     max   i = 1 , … , P    γ  i p   ,   max   i = 1 , … , P    δ  i p        



(19)







Step 5. The closeness coefficient,    φ i   , so that:


   φ i  =   d     z ˜  p −  ,   z ˜   i p       d     z ˜  p −  ,   z ˜   i p     + d     z ˜  p +  ,   z ˜   i p        



(20)




where:   d  .    is Euclidean distance [47].



Step 6. Values    φ i    are sorted in non-increasing order. The rank of PIs is determined according to the obtained values    φ i  .  



Step 7. Based on obtained rank, DMs determine which PIs will be monitored and measured as KPIs, to improve product quality.






3. Results


The aim of the case study is the determination the rank of PIs, which should help quality managers to simplify the selection of relevant KPIs based on obtained rank. The proposed procedure is tested on real-life data obtained from manufacturing companies in the process industry. In this study, three project-oriented manufacturing companies are selected to investigate the KPIs, because of their significant contribution to the growth of the economy in the Republic of Serbia, as well as their need to improve product quality. These companies operate in the Central Serbia region, and they belong to a group of small and medium-sized companies. These companies belong to different global supply chains. The business policy of these companies dictates that data on business performance should not be publicly available. The proposed model was tested on data obtained by using the interview method.



3.1. An Application of the Proposed Procedure for the Determination of Weights of Decision-Makers


In this research, DMs form a group consisting of three members, which are the quality manager, the production manager, and the sales manager from each of the three selected manufacturing companies. This group is formed in each of the three selected manufacturing companies to provide input data on PI importance for the company. Assessment of the relative importance of DMs is performed by top managers of analyzed companies. Since, in this research, small and medium-sized companies that operate in the same environment are considered, top managers make decisions by consensus. During the panel discussion, the top managers decided that the quality manager should have the highest importance since quality PIs are considered. In that case, the relative importance of the quality manager can be described with linguistic expressions D5. The relative importance of the production manager and sales manager is adequately described by linguistic expressions D4 and D2, respectively.



It can be determined that the relative importance of a quality manager is greater than or equal to the relative importance of a production manager, according to the procedure developed by [36,37]. The obtained results are presented:


        0.5     p     D 5 ≥ D 4       p     D 5 ≥ D 2         p     D 4 ≥ D 5       0.5     p     D 4 ≥ D 2         p     D 2 ≥ D 5       p     D 2 ≥ D 4       0.5       =       0.5     0.875    1      0.125     0.5    1     0   0    0.5        











Applying the procedure, the probability is determined:


  p     D 1 ≥ D 2 ∧ D 1 ≥ D 3   =  1  3 · 2   ·     ∑   n = 1  N    0.5 + 0.875 + 1   +  3 2  − 1   = 0.479  











Other probabilities are determined similarly, so the weight vector of DMs is:


    0.48 , 0.35 , 0.17    












3.2. An Application of the Proposed Procedure for the Determination of Weights of Performance Indicators


DMs from analyzed manufacturing companies selected eight quality PIs by consensus during the panel discussion. PIs are Customer complaints (  i = 1  ), The costs of complaints in the total income (  i = 2  ), Implemented internal quality audits (  i = 3  ), Realized calibration of measuring equipment (  i = 4  ), Share of bad parts (  i = 5  ), Complaints on performed services (  i = 6  ), Timely closure of non-conformities (  i = 7  ), and the costs of poor quality (  i = 8  ). All three companies monitor and measure these quality PIs.



DMs at the level of each company assessed the relative importance and value of PI by using pre-defined linguistic terms. They based their assessments on the data from the records by using consensus during the session of the panel discussion. These assessments are presented in Table 5 and Figure 2.



The aggregation of DMs opinions into the unique mark is given by IVIFWG. The normalized weights of PIs are given by using the proposed procedure [36,37]. The calculated values are presented in Table 6.




3.3. An Application of the Proposed IV-TOPSIS


In this subsection, the proposed IV-TOPSIS is illustrated by an example of the assessment and ranking of quality PIs. The fuzzy decision matrix (Step 1) is presented in Table 7.



As PIs are benefit type and cost type, further the normalization procedure [42] is applied. Normalized values of treated PIs (Step 2) are presented in Table 8.



The weighted normalized fuzzy decision matrix, IV-FPIS, and IV-FNIS are constructed and presented in Table 9 according to the proposed model (Step 3 to Step 4).



According to the proposed procedure (Step 5 to Step 6), the rank of PIs is calculated and presented in Table 10.



According to the obtained results of the proposed procedure, the top three ranked PIs are (  i = 1  ) Customer complaints, (  i = 5  ) Share of bad parts, and (  i = 4  ) Realized calibration of measuring equipment. PI (  i = 3  ), Implemented internal quality audits, is also significant for the companies and can be monitored and measured. PIs (  i = 6  ) Complaints on performed services, (  i = 7  ) Timely closure of non-conformities, and (  i = 8  ) The costs of poor quality, are equally important for company management, but according to the results of this study, do not have to be managed. Also, PI (  i = 2  ) The costs of complaints in the total income, has no significance for the product quality improvement and in that context, it should not be monitored and measured.



By reducing customer complaints (  i = 1  ), the costs of poor quality can be reduced, and customer satisfaction and trust will be increased. Increasing customer satisfaction, in terms of product quality, is one of the strategic goals of the analyzed manufacturing companies, which is one of the reasons for the highest rank of PI (  i = 1  ). By reducing the share of bad parts (  i = 5  ), the cost of non-conformity can be reduced and the on-time delivery to the customer can be increased. Reducing product non-conformity is also one of the company’s strategic goals. Calibration of measuring equipment (  i = 4  ) confirms the accuracy of the measurements with that equipment and reduces the possibility of poor-quality products being delivered to the customers.



In this study, the PIs (  i = 1  ) and (  i = 5  ) are marked as critical for product quality and must be adequately managed. They should be monitored and measured daily. PI (  i = 4  ) and (  i = 3  ) should be monitored and measured monthly.



The top-ranked PIs have the biggest impact on product quality, regarding the treated values and corresponding weights. These PIs can be selected as KPIs for analyzed manufacturing companies, but DMs must make the final decision on the choice of KPIs.



The KPIs should be constantly reviewed and changed according to environmental changes because the goal of performance management is the adequate implementation of the company’s strategy to achieve satisfactory financial results.



For the purposes of data collection and further processing, the PIs (  i = 5  ) Share of bad parts and (  i = 4  ) Realized calibration of measuring equipment can be closely related to the IoT.



The problem that is being solved in the scope of the research is obtaining KPIs from the finite set of PIs, so a lot of uncertainty is involved in the decision-making process and traditional methods are not suitable enough to provide precise output as a solution.



The assessment of DMs’ relative importance is obtained in a similar manner as in previous research. The novelty of the proposed research is that the calculation of the weights vector is based on the inclusion comparison probability between the closeness intuitionistic fuzzy sets method.



Also, the previous research supports the same type of criteria, so the normalization procedure has not been employed. In the proposed research, there is an assumption that all criteria are not of the same type, so the normalization procedure is applied. This fact is more realistic since different types of criteria exist in most management problems.



The problem is solved by employing IVIFNs to perform calculations introduced by existing MADM methods, so it represents the novelty of this paper in a methodological manner.





4. Conclusions


Operating in contemporary business conditions, a company’s business largely depends on customer satisfaction. Product quality, along with the price and on-time delivery, affects customer satisfaction. This research proposes a model for quality PIs ranking. Based on the obtained rank of PIs, DMs should determine the KPIs that are critical to a product’s quality. So, selected KPIs should be measured and monitored daily.



The proposed model is tested and verified on real-life data from three project-oriented manufacturing companies in the process industry. The relative importance of DMs is assessed by the top managers of the considered companies. The relative importance of IPs and their values is assessed by DMs at the level of each company. Their assessments are based on their experience, knowledge, and evidence data.



The main contribution of the presented research from the methodological perspective may be summarized as follows: (1) modeling of existing uncertainties is based on IVIFNs; (2) the weights vectors are given by using the inclusion comparison probability between the closeness intuitionistic fuzzy sets; (3) the decision-making matrix is constructed as the fuzzy weighted normalized decision matrix; (4) the PIs are ranked by using the proposed IV-TOPSIS; in this way, relevant KPIs can be selected.



In practice, it is known that it is unusual to measure many PIs every day. According to the experience of best practice, it can be said that in the domain of quality, a maximum of three PIs, which are marked as KPIs, can be measured and monitored at a daily level. Since there is no defined strict methodology for determining the KPIs for certain types of companies in the industry, this research provides a significant practical contribution. The practical implication of the proposed model is the selection of KPIs in an exact way. The selected KPIs are significantly less burdened by DMs’ subjective opinions, which enables the more effective and efficient achievement of strategic goals. The practical implication of the proposed model is the selection of KPIs in an exact way. The selected KPIs are significantly less burdened by DMs’ subjective opinions, which enables the more effective and efficient achievement of strategic goals.



The model is flexible in terms of changes in the environment and external disturbances such as the importance of PIs, changes in national legislation, changes in economic trends, or the manifest of other unpredicted events. Specifically, flexibility is achieved in terms of (i) changes in the number of PIs, (ii) changes in the relative importance of PIs and DMs and their weights, and (iii) changes in PIs. All these changes can be easily incorporated into the model. This can be marked as the main advantage of the proposed model. The main constraint of the proposed model is subjectivity in assessments of the input data for the model. The process of validation is still ongoing as the companies that participate in the research have adopted the selected KPIs for monitoring and managing. After a certain period, those results will be compared with the previously established system for monitoring and managing quality performance. Future research should include applying the proposed model to companies that exist in different economic sectors.
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Appendix A. Basic Considerations of Intuitionistic Fuzzy Sets


Definition A1.

An intuitionistic fuzzy set   A ˜   in the universe of discourse X is defined by the form [49]:


    A ˜  =   x ,    μ  A ˜    x  ,  ϑ  A ˜    x  | x ∈ X     



(A1)




where:



The numbers    μ  A ˜    x  →   0 , 1     and    ϑ  A ˜    x  →   0 , 1     denote the membership degree and non-membership degree.



With the condition


    0 ≤  μ  A ˜    x  +  ϑ  A ˜    x  ≤ 1   , ∀ x ∈ X    



(A2)







For each intuitionistic fuzzy set   A ˜   from set X, the following holds:


    π  A ˜    x  = 1 −  μ  A ˜    x  −  ϑ  A ˜    x    



(A3)






    0 ≤  π  A ˜    x  ≤ 1   , ∀ x ∈ X    



(A4)







The value of   π  A ˜    x   is called the degree of indeterminacy (or hesitation). The smaller   π  A ˜    x   , more certain  A ˜  .





Definition A2.

Let a set   X =    x 1  , … . ,  x n      be auniverse of discourse, an IVIFS   A ˜   in X is an object having the form:


    A ˜  =   x ,    μ  A ˜    x  ,  ϑ  A ˜    x  | x ∈ X     



(A5)




where:


    μ  A ˜    x  =    μ  A ˜  L   x  ,  μ  A ˜  U   x    ∈   0 , 1     



(A6)






    ϑ  A ˜    x  =    ϑ  A ˜  L   x  ,  ϑ  A ˜  U   x    ∈   0 , 1     



(A7)







Are intervals denoting the membership and the non-membership degrees of the element   x ∈ X   to   A ˜   with the condition:


     μ  A ˜  U   x  +  ϑ  A ˜  U   x  ≤ 1     and    μ  A ˜  L  +  ϑ  A ˜  L  ≤ 1    



(A8)







Similarly, the hesitancy degree of x to   A ˜   can be calculated as:


    π  A ˜    x  =    π  A ˜  L   x  ,  π  A ˜  U   x    =   1 −  μ  A ˜  L   x  −  ϑ  A ˜  L   x  , 1 −  μ  A ˜  U   x  −  ϑ  A ˜  U   x      



(A9)







An interval-valued intuitionistic fuzzy IVIFS can be simply denoted as:


   A ˜  =     a , b   ,   c , d      



(A10)




where:  0 ≤ a ≤ b ≤ 1  and  0 ≤ c ≤ d ≤ 1  and  b + d ≤ 1  .





Definition A3.

Let    A ˜  =      a 1  ,  b 1    ,      c 1  ,  d 1        and    B ˜  =      a 2  ,  b 2    ,      c 2  ,  d 2        be two positive IVIFSs. And λ is a real positive number. The operations of these IVIFSs are [48]:


    A ˜  +  B ˜  =      a 1  +  a 2  −  a 1  ·  a 2  ,  b 1  +  b 2  −  b 1  ·  b 2    ,    c 1  ·  c 2  ,  d 1  ·  d 2        



(A11)






    A ˜  ·  B ˜  =      a 1  ·  a 2  ,  b 1  ·  b 2    ,    c 1  +  c 2  −  c 1  ·  c 2  ,  d 1  ·  d 2        



(A12)






   λ ·  A ˜  =     1 −     1 − a    λ  ,   1 −     1 − b    λ    ,      c λ  ,    d λ        



(A13)






        A ˜     λ  =      a λ  ,    b λ    ,     1 −     1 − c    λ  ,   1 −     1 − d    λ        



(A14)









Definition A4.

Euclidean distance between two IVIFSs,    A ˜  =      a 1  ,  b 1    ,      c 1  ,    d 1        and    B ˜  =      a 2  ,  b 2    ,      c 2  ,  d 2       ,  d    A ˜  ,  B ˜      can be defined as [47]


    A ˜  =     a , b   ,   c , d       



(A15)









Definition A5.

Let    A ˜  =      a 1  ,  b 1    ,      c 1  ,  d 1        and    B ˜  =      a 2  ,  b 2    ,      c 2  ,  d 2        be two IVIFNs. A comparison of two IVIFNs is based on the procedure by Chen [37] which is presented further.



The lower,    p −     A ˜  ≥  B ˜      and upper,    p +     A ˜  ≥  B ˜      inclusion comparison possibilities:


    p −     A ˜  ≥  B ˜    = m a x   1 − max     1 −  c 2  −  a 1    1 −  a 1  −  d 1  + 1 −  b 2  −  c 2    , 0   , 0     



(A16)






    p +     A ˜  ≥  B ˜    = m a x   1 − max     1 −  d 2  −  b 1    1 −  b 1  −  c 1  + 1 −  a 2  −  d 2    , 0   , 0     



(A17)







Expressions above must satisfy the following conditions:


   0 ≤  p −     A ˜  ≥  B ˜    ≤ 1   



(A18)






   0 ≤  p +     A ˜  ≥  B ˜    ≤ 1   



(A19)






    p −     A ˜  ≥  B ˜    ≤  p +     A ˜  ≥  B ˜      



(A20)






    p −     A ˜  ≥  B ˜    +  p +     B ˜  ≥  A ˜    = 1   



(A21)







The inclusion comparison possibility,   p      A ˜  ≥  B ˜      is given:


   p      A ˜  ≥  B ˜    =  1 2  ·    p −     A ˜  ≥  B ˜    +  p +     A ˜  ≥  B ˜        



(A22)







If   A ˜  =  B ˜   , then  p      A ˜  ≥  B ˜    = 0.5  .





Definition A6.

Let there be  N  different IVIFNs:


     A ˜  1  =      a 1  ,  b 1    ,      c 1  ,  d 1      , … ,   A ˜  n  =      a n  ,  b n    ,      c n  ,  d n      , … ,   A ˜  N  =      a N  ,  b N    ,      c N  ,  d N        



(A23)







The probability that IVIFN     A ˜  n  =      a n  ,  b n    ,      c n  ,  d n        greater than or equal to all other IVIFNs is determined according to the procedure [36]:


   p       A ˜  n  ≥   A ˜  1  ∧ … …   A ˜  n  ≥   A ˜  N    =  1  N   N − 1     ·     ∑   n = 1  N  p       A ˜  n  ≥   A ˜   n ′     +  N 2  − 1     



(A24)
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Figure 1. The proposed model. 
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Figure 2. Assessment of the relative importance of performance indicators. 
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Table 1. Comparative analysis of IV-TOPSIS models from literature sources and the proposed model.






Table 1. Comparative analysis of IV-TOPSIS models from literature sources and the proposed model.





	Authors
	DM Weights
	The Weights Vector
	Number and Type of Linguistic Expressions for Assessment of Alternative/

Aggregation Procedure
	Normalization/

IV-FPIS Procedure by

IV-FNIS
	Closeness Coefficient
	Application Domain





	Chen [41]
	Completely unknown
	-
	5/IVIFNs/IIOWA
	-/Procedure by Eraslan [35]
	The inclusion comparison probability between the closeness intuitionistic fuzzy sets [36]
	Illustrative example



	Kumar and Garg [42]
	-
	Completely known/

Precise numbers
	-/Procedure by Kumar and Garg [42]
	Normalization procedure [42]/Procedure by Eraslan [35]
	The aggregated connection number for making an overall decision [42]
	Illustrative example



	Onat et al. [29]
	Direct assessment/

Crisp
	Completely known/

Precise numbers
	7/IVIFNs/IVIFWA
	-/Procedure by Eraslan [35]
	The normalized Euclidean distance [43]
	Ranking of alternative vehicle technologies



	Wang and Chen [30]
	Direct assessment
	IVIFNs
	-/IVIFNs/-
	-/Procedure by Eraslan [35]
	A degree of similarity [44] defined and linear programming model
	Illustrative example



	Gupta et al. [45]
	Direct assessment/

IVIFNs
	Advantage scores and disadvantage scores/

IVIFNs
	-/IVIFWA
	-/Procedure by Eraslan [35]
	A degree of similarity [44] defined and linear programming model
	Evaluation of alternative fuel modes in public transport



	Memari et al. [31]
	Direct assessment/

IVIFNs/Procedure by Boran et al. [46]
	IVIFWA/

IVIFNs
	10/IVIFNs/

IVIFWA
	-/Procedure by Eraslan [35]
	The normalized Euclidean distance [43]
	Supplier selection



	Hajek and Froelich [32]
	Direct assessment/

IVIFNs/Procedure by Boran et al. [46]
	IVIFWA/

IVIFNs
	5/IVIFNs/

IVIFWA
	-/Procedure by Eraslan [35]
	The normalized Euclidean distance [47]
	Cognitive maps for effective group decision-making



	Tiwari et. al. [33]
	Direct assessment/

IVIFNs/Procedure by Boran et al. [46]
	IVIFWA/

IVIFNs
	5/IVIFNs/

IVIFWA
	-/Procedure by Eraslan [35]
	The normalized Euclidean distance [47]
	Supplier selection



	Abdullah et al. [34]
	Direct assessment/

IVIFNs
	Fuzzy algebra rules [48]/

IVIFNs
	5/IVIFNs/-
	-/Procedure by Eraslan [35]
	The normalized Euclidean distance [43]
	Blood management



	The proposed model
	Direct assessment/

IVIFNs/The inclusion comparison probability between the closeness intuitionistic fuzzy sets [36]/Precise numbers
	IVIFWG/The inclusion comparison probability between the closeness intuitionistic fuzzy sets [36]/Precise numbers
	7/IVIFNs/-
	Normalization procedure [42]/Procedure by Eraslan [35]
	The normalized Euclidean distance [47]
	Ranking of quality performance indicators
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Table 2. The relative importance of decision-makers.
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	IVIFNs





	Very very significant (D5)
	       0.85 , 0.95   ,   0 , 0.05       



	Very significant (D4)
	       0.7 , 0.8   ,   0.1 , 0.2       



	Moderate significant (D3)
	       0.4 , 0.5   ,   0.4 , 0.5       



	Insignificant (D2)
	       0.2 , 0.3   ,   0.6 , 0.7       



	Very insignificant (D1)
	       0.05 , 0.15   ,   0.75 , 0.85       
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Table 3. The relative importance of performance indicators.
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	IVIFNs





	Extremely significant (S9)
	       0.9 , 0.95   ,   0 , 0.05       



	Very very significant (S8)
	       0.8 , 0.9   ,   0.05 , 0.1       



	Very significant (S7)
	       0.65 , 0.75   ,   0.15 , 0.25       



	Fairly moderate significant (S6)
	       0.55 , 0.65   ,   0.2 , 0.35       



	Moderate significant (S5)
	       0.45 , 0.55   ,   0.4 , 0.45       



	Fairly moderate insignificant (S4)
	       0.3 , 0.4   ,   0.5 , 0.6       



	Insignificant (S3)
	       0.2 , 0.3   ,   0.6 , 0.7       



	Very insignificant (S2)
	       0.05 , 0.2   ,   0.7 , 0.8       



	Extremely insignificant (S1)
	       0 , 0.05   ,   0.85 , 0.95       
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Table 4. The performance indicators’ values.
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	IVIFNs





	Very high (V7)
	       0.9 , 1   ,   0 , 0       



	High (V6)
	       0.8 , 0.9   ,   0.05 , 0.1       



	Fairly high (V5)
	       0.65 , 0.75   ,   0.15 , 0.25       



	Moderate (V4)
	       0.45 , 0.55   ,   0.35 , 0.45       



	Almost low (V3)
	       0.25 , 0.35   ,   0.55 , 0.65       



	Low (V2)
	       0.1 , 0.2   ,   0.7 , 0.8       



	Very low (V1)
	       0.05 , 0.05   ,   0.9 , 0.95       
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Table 5. Assessment of the relative importance of performance indicators.
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	PIs
	Definition
	Quality Manager
	Production Manager
	Sales Manager





	   i = 1   
	Customer complaints
	S9
	S8
	S9



	   i = 2   
	The costs of complaints in the total income
	S5
	S4
	S8



	   i = 3   
	Implemented internal quality audits
	S6
	S2
	S4



	   i = 4   
	Realized calibration of measuring equipment
	S6
	S7
	S1



	   i = 5   
	Share of bad parts
	S9
	S7
	S3



	   i = 6   
	Complaints on performed services
	S5
	S3
	S9



	   i = 7   
	Timely closure of non-conformities
	S8
	S6
	S7



	   i = 8   
	The costs of poor quality
	S8
	S7
	S6
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Table 6. The aggregated relative importance of performance indicators.






Table 6. The aggregated relative importance of performance indicators.





	PIs
	The Aggregated Relative Importance of PIs
	The Normalized Weights of PIs





	   i = 1   
	       0.86 , 0.93   ,   0.02 , 0.07       
	0.17



	   i = 2   
	       0.43 , 0.53   ,   0.39 , 0.47       
	0.11



	   i = 3   
	       0.2 , 0.40   ,   0.48 , 0.60       
	0.08



	   i = 4   
	       0 , 0.44   ,   0.39 , 0.56       
	0.09



	   i = 5   
	       0.62 , 0.72   ,   0.19 , 0.28       
	0.14



	   i = 6   
	       0.38 , 0.48   ,   0.43 , 0.51       
	0.10



	   i = 7   
	       0.68 , 0.78   ,   0.12 , 0.22       
	0.16



	   i = 8   
	       0.70 , 0.80   ,   0.11 , 0.20       
	0.16










[image: Table] 





Table 7. The fuzzy decision matrix.






Table 7. The fuzzy decision matrix.





	PIs
	    p = 1    
	    p = 2    
	    p = 3    





	   i = 1   
	V4
	V2
	V1



	   i = 2   
	V5
	V6
	V7



	   i = 3   
	V7
	V7
	V6



	   i = 4   
	V6
	V7
	V5



	   i = 5   
	V6
	V7
	V5



	   i = 6   
	V3
	V5
	V6



	   i = 7   
	V7
	V4
	V3



	   i = 8   
	V5
	V4
	V5
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Table 8. The normalized fuzzy decision matrix.






Table 8. The normalized fuzzy decision matrix.





	PIs
	    p = 1      
	    p = 2      
	    p = 3      





	   i = 1   
	       0.162 , 0.234   ,   0.709 , 0.762       
	       0.411 , 0.616   ,   0.033 , 0.516       
	       0.244 , 0.489   ,   0.350 , 0.350       



	   i = 2   
	       0.124 , 0.141   ,   0.799 , 0.825       
	       0.130 , 0.137   ,   0.879 , 0.893       
	       0.024 , 0.024   ,   0.964 , 0.968       



	   i = 3   
	       0.330 , 0.367   ,   0.446 , 0.446       
	       0.225 , 0.250   ,   0.473 , 0.526       
	       0.327 , 0.367   ,   0.569 , 0.591       



	   i = 4   
	       0.294 , 0.330   ,   0.474 , 0.502       
	       0.225 , 0.250   ,   0.473 , 0.526       
	       0.266 , 0.307   ,   0.614 , 0.659       



	   i = 5   
	       0.111 , 0.117   ,   0.836 , 0.855       
	       0.123 , 0.123   ,   0.107 , 0.904       
	       0.029 , 0.033   ,   0.950 , 0.957       



	   i = 6   
	       0.234 , 0.301   ,   0.476 , 0.626       
	       0.145 , 0.164   ,   0.851 , 0.871       
	       0.026 , 0.027   ,   0.959 , 0.964       



	   i = 7   
	       0.105 , 0.105   ,   0.869 , 0.882       
	       0.189 , 0.224   ,   0.785 , 0.824       
	       0.054 , 0.070   ,   0.870 , 0.907       



	   i = 8   
	         0.124 , 0.141   ,   0.799 , 0.825         
	       0.189 , 0.224   ,   0.785 , 0.824       
	       0.029 , 0.033   ,   0.950 , 0.957       
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Table 9. The weighted normalized fuzzy decision matrix.






Table 9. The weighted normalized fuzzy decision matrix.





	PIs
	    p = 1    
	    p = 2    
	    p = 3    





	   i = 1   
	       0.030 , 0.044   ,   0.943 , 0.955       
	       0.086 , 0.150   ,   0.560 , 0.894       
	       0.046 , 0.108   ,   0.837 , 0.837       



	   i = 2   
	       0.014 , 0.017   ,   0.976 , 0.979       
	       0.015 , 0.016   ,   0.986 , 0.988       
	       0.003 , 0.003   ,   0.996 , 0.996       



	   i = 3   
	       0.035 , 0.040   ,   0.930 , 0.930       
	       0.020 , 0.023   ,   0.942 , 0.950       
	       0.031 , 0.036   ,   0.959 , 0.959       



	   i = 4   
	       0.027 , 0.032   ,   0.942 , 0.946       
	       0.023 , 0.026   ,   0.935 , 0.944       
	       0.027 , 0.032   ,   0.957 , 0.963       



	   i = 5   
	       0.016 , 0.017   ,   0.975 , 0.978       
	       0.018 , 0.018   ,   0.731 , 0.986       
	       0.004 , 0.004   ,   0.993 , 0.994       



	   i = 6   
	       0.026 , 0.035   ,   0.928 , 0.954       
	       0.016 , 0.018   ,   0.984 , 0.986       
	       0.003 , 0.003   ,   0.996 , 0.996       



	   i = 7   
	       0.018 , 0.018   ,   0.976 , 0.980       
	       0.033 , 0.040   ,   0.976 , 0.969       
	       0.009 , 0.012   ,   0.978 , 0.985       



	   i = 8   
	       0.021 , 0.024   ,   0.965 , 0.970       
	       0.033 , 0.040   ,   0.976 , 0.969       
	       0.005 , 0.005   ,   0.992 , 0.993       



	IV-FPIS
	       0.035 , 0.044   ,   0.928 , 0.930       
	       0.086 , 0.150   ,   0.560 , 0.894       
	       0.046 , 0.108   ,   0.837 , 0.837       



	IV-FNIS
	       0.014 , 0.017   ,   0.976 , 0.980       
	       0.015 , 0.016   ,   0.986 , 0.988       
	       0.003 , 0.003   ,   0.996 , 0.996       
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Table 10. The rank of performance indicators.






Table 10. The rank of performance indicators.





	PIs
	    ∑ d     z ˜  p +  ,   z ˜   i p        
	    ∑ d     z ˜  p −  ,   z ˜   i p        
	     φ i     
	Rank





	   i = 1   
	0.0209
	0.5434
	0.9630
	1



	   i = 2   
	0.4610
	0
	0
	8



	   i = 3   
	0.4238
	0.0896
	0.1745
	4



	   i = 4   
	0.4381
	0.1296
	0.2283
	3



	   i = 5   
	0.4012
	0.1852
	0.3158
	2



	   i = 6   
	0.5026
	0.0441
	0.0807
	5



	   i = 7   
	0.5266
	0.0458
	0.0800
	6



	   i = 8   
	0.5189
	0.0428
	0.0762
	7
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