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Abstract: Three-dimensional printers (3DPs), as critical parts of additive manufacturing (AM), are
state-of-the-art technologies that can help practitioners with digital transformation in production
processes. Three-dimensional printer performance mostly depends on good integration with arti-
ficial intelligence (AI) to outperform humans in overcoming complex tasks using 3DPs equipped
with AI technology, particularly in producing an object with no smooth surface and a standard
geometric shape. Hence, 3DPs also provide an opportunity to improve engineering applications in
manufacturing processes. As a result, AM can create more sustainable production systems, protect
the environment, and reduce external costs arising from industries’ production activities. Nonethe-
less, practitioners do not have sufficient willingness since this kind of transformation in production
processes is a crucial and irrevocable decision requiring vast knowledge and experience. Thus, pre-
senting a methodological frame and a roadmap may help decision-makers take more responsibility
for accelerating the digital transformation of production processes. The current study aims to fill the
literature’s critical theoretical and managerial gaps. Therefore, it suggests a powerful and efficient
decision model for solving 3DP selection problems for industries. The suggested hybrid FF model
combines the Fermatean Fuzzy Stepwise Weight Assessment Ratio Analysis (FF–SWARA) and the
Fermatean Ranking of Alternatives through Functional mapping of criterion sub-intervals into a
Single Interval (FF–RAFSI) approaches. The novel FF framework is employed to solve a critical
problem encountered in the automobile manufacturing industry with the help of two related case
studies. In addition, the criteria are identified and categorized regarding their influence degrees using
a group decision approach based on an extended form of the Delphi with the aid of the Fermatean
fuzzy sets. According to the conclusions of the analysis, the criteria “Accuracy” and “Quality” are
the most effective measures. Also, the suggested hybrid model and its outcomes were tested by
executing robustness and validation checks. The results of the analyses prove that the suggested
integrated framework is a robust and practical decision-making tool.

Keywords: 3DPs; additive manufacturing; sustainable manufacturing; Fermatean fuzzy sets; RAFSI;
SWARA; Delphi

1. Introduction

In recent decades, additive manufacturing (AM) has gained popularity, and the num-
ber of users demanding 3DPs has increased each year. Accordingly, Vicari [1] estimated
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that the 3D printing industry (3DPI) would continue to grow, and its market share would
reach USD 9 billion in 2025. Additive manufacturing is a new technology promising radical
changes and transforming traditional production, supply, and logistics systems. Accord-
ingly, it can be used in almost all industries; hence, it has gained popularity in various
industries, e.g., aviation, vehicle manufacturing, construction, foodstuffs, pharmaceutical,
biomedical, and ornamentation [2]. Primarily, it can lead to transformational and rev-
olutionary changes in the automotive, textile, and construction industries. Aside from
these industries, 3D printing technology is promising for all industries with the potential
for digital transformation. The main reason for this is that additive manufacturing has
many relative advantages and superiorities over traditional subtractive manufacturing
technologies; it can also help accelerate digital transformation for industries and companies.

3DPs used in additive manufacturing processes are cheaper than machinery and
equipment used in traditional and classical subtractive manufacturing systems. Thus, these
systems have more reasonable and flexible investment and setup costs. Therefore, indus-
tries can update their additive manufacturing systems quickly and easily, depending on
technological improvements. Industries can gain the ability to meet small and customized
orders of customers as additive manufacturing provides for production with smaller eco-
nomic batch sizes. When its indirect impacts are evaluated, industries can better manage
their inventory and produce more flexible and practical strategies. It may even be possible
to redesign production networks with a zero-stock approach, shifting from a traditional
production strategy to a modern (digital) production strategy for industries [3]. Industries’
dreams of creating well-operating, agile production and supply chain systems may become
a reality. In addition, additive manufacturing can prepare a way to optimize logistics costs,
aside from reducing inventory costs. As a result, while additive manufacturing can help
create speedy, agile, and lower-cost production, supply, and logistics systems, it also makes
it possible to meet the requirements and expectations of customers with better conditions.
As a result, additive manufacturing can create more sustainable production systems, protect
the environment, and reduce external costs arising from industries’ production activities.

However, additive manufacturing has some limitations and drawbacks despite its
many valuable advantages. First, it is a pretty new technology, and the accumulation of
knowledge on it has not accomplished a satisfactory level for practitioners in the industries
or scholars in academic life. Therefore, additive production is not yet a sufficiently reliable
manufacturing system for practitioners and decision-makers in various industries; its
manufacturing costs are still relatively high as the production capacity of 3DPs in units of
time is deficient. Thus, unit manufacturing costs are still high, and unit products are non-
economical. In addition, the supply costs of raw materials used in additive manufacturing
processes are relatively high. This causes production costs to remain high compared to the
costs of traditional production systems.

Moreover, staff (i.e., blue-collar workers and white-collar workers) in industries have
limited or no information about this production technology. Therefore, the production
system may become more fragile in an extraordinary situation. At the same time, supply
and logistics processes concerning additive manufacturing have not been optimized suffi-
ciently, and good practices have not yet been generated in the industries. This may cause
many problems and challenges concerning supply and replenishment. The number of good
examples is exceptionally scarce to make benchmarking possible. Hence, a commonly
accepted and tested road map does not exist yet for decision-makers in this transformation
process; unfortunately, we cannot shed enough light on the matter either.

The hesitancy of decision-makers and practitioners to transform from traditional sub-
tractive production systems to AM may stem from risks related to the limitations and
drawbacks of additive manufacturing. These kinds of decisions are perilous because they
are irreversible. Inadequate knowledge and the absence of data about 3D printers and
printing technology make it challenging to solve these problems. Moreover, evaluating
and selecting 3D printers used in additive manufacturing processes is a decision-making
problem, as an assessment process has numerous contradictory criteria and complex uncer-
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tainties. Therefore, selecting suitable industrial 3DPs is difficult, complex, and laborious for
practitioners. Also, Panda et al. [4] highlighted that 3DP selection is difficult for them, as it
is affected by many factors and variables. Moreover, it is necessary to identify the industry
requirements for 3DP utilization, and the selected printer should meet these requirements
on a vast scale. Available 3DPs have many similar functions and features, which confuses
decision-makers. Misevaluation may incur high and severe costs for industries. Also, all
supply chain systems, such as production, supply, and logistics, may become unbalanced.
Therefore, it causes a decrease in the overall efficiency of value chains. Selecting suitable
3DPs with carefully detailed process management is a critical and managerial decision
for industries.

Moreover, a new and unprecedented business paradigm has existed, and industries
and supply chains must respond to the requirements generated by this digital business
world’s paradigms. Some factors have become more critical and vital in the digitalized
business environment compared to the past. For instance, shorter product life cycles, cus-
tomizing and personalizing the products, and increasing product variety have led to these
factors. Industries need more flexible and changeable production systems to respond to
these requirements. The traditional subtractive manufacturing systems operate based on
scale and mass production economics, and their flexibility level is low. Hence, subtractive
production systems have difficulty responding to these requirements on a vast scale. More-
over, novel and innovative technologies emerging in the fourth industrial revolution have
considerably increased competition in almost all industries. Correspondingly, industries
and supply chains must find new and suitable ways to keep up with these requirements
generated by the new and digitalized business environment and survive in the highly
competitive business environment.

Aside from digital transformation, shifting to additive manufacturing is a compulsion
rather than a preference for industries, at least for the near future. Accordingly, selecting
optimal and adequate 3D printers for additive manufacturing processes may be an excellent
and effective start for industries in this transformation process. However, there are potent
interactions among technologies, partially built on each other, and the maturation levels
of these technologies are different [5]. This transformation process has many significant
difficulties and challenges. Thus, a vital, practical, and effective mathematical tool is
necessary to handle complicated uncertainties and make the practitioners’ work more
accessible. In this connection, the current work proposes an integrated group decision-
making model involving the Fermatean Fuzzy Stepwise Weight Assessment Ratio Analysis
(FF–SWARA) and the Fermatean Ranking of Alternatives through Functional mapping
of criterion sub-intervals into a Single Interval (FF–RAFSI). Moreover, it aggregates the
experts’ evaluation by applying the Dombi aggregating operator. The proposed model has
been implemented to address a critical decision problem in the car-manufacturing industry
by considering two case studies.

The primary motivation of the work is to evaluate 3D printing technologies concerning
whether they are working in the manufacturing industry or not. As is known, the auto-
motive industry is severely under pressure from the competition and uncertainties in the
relevant sector. Also, the customers expect smooth automobiles produced with excellent
and impeccable artistry, aside from offering low and reasonable prices by manufacturers.
However, several wastes, losses, and defects can occur in the manufacturing process due to
human errors. Even though robotics are used in manufacturing, they perform some definite
jobs, e.g., assembling, drilling, and tightening screws, they have significant weaknesses
in producing automobile components with no plane surface geometrically. However, the
human force used to produce these kinds of components is slow and leads to a deceleration
in the production process due to some inherent problems sourcing humanistic factors.
Three-dimensional printers have several advantages and superiorities over human force,
which may help address this problem in mass production systems.

The remainder is structured as follows. In Section 2, a detailed literature survey was
carried out. Section 3 presents the suggested FF approach and its execution phases. In
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Section 4, the suggested tool was implemented to solve the 3DP selection problem in the
automotive industry (AI); a comprehensive validation test consisting of three stages was
executed to test the robustness and practicability of the suggested FF implementation.
In Section 5, the results are assessed and examined. In Section 6, the study is finalized.
Moreover, the constraints of the current study and suggestions for future research are
pointed out in the final section.

2. Research Background

Additive manufacturing, i.e., 3D printers and 3D printer technologies, a crucial com-
ponent of the industry 4.0 process, has increasingly become a popular and remarkable topic
for practitioners in various industries, scholars, and researchers. There are two significant
reasons for that. First, additive manufacturing and 3D printers have a remarkable potential
for revolutionary changes in whole supply chains and industries. Hence, it can indirectly
lead to changing everything in our lives. Second, there are still substantial and critical gaps
in the literature; scholars and practitioners must do something to fill these gaps. Although
these gaps lead to increased doubts about the reliability and applicability of additive manu-
facturing, they cause hesitation in transforming from traditional subtractive production to
additive manufacturing. These hesitancies and doubts can be accepted as usual because
these transformations and changes require making risky and irreversible decisions.

In practice, different 3D printer technologies can be used in various industries. In
addition to the different advantages and disadvantages of each technology, each technology
has different capabilities and features. In this respect, comparing these technologies to
evaluate and understand 3D printer technologies from a broader perspective is essential.
Table 1 shows the comparison results for existing 3D printer technologies.

Accordingly, encouraging the decision-makers to decide on this digital and industrial
transformation depends on filling these gaps in the literature. More research on this
issue is required to fill these gaps. However, increasing the amount of research handling
additive manufacturing and 3D printer technologies in the literature is promising. When
an extensive and elaborate bibliographical review was performed, it was observed that
previous studies focused on three crucial topics: AM, 3D printer technologies, and 3D
printers’ features and functions.

In addition, when we examined the previous works focusing on the 3DP selection, a
focal point of the current study, it was noted that most of these studies focusing on 3DP
selection have increased from 2013 to the present. According to the results of the review in
the scientific databases, 327 studies are available in the literature. However, the number of
previous works has decreased to 39 when we add keywords such as MCDM, decision, and
multi-attribute decision-making model. The most crucial reason is to focus on 3D printers’
technical features; most studies deal with 3D printers by performing technical, empirical,
and experimental studies rather than selection problems.

In this context, previous studies on the selection of 3DP are presented in Table 1, and
previous studies focusing on the selection of three-dimensional printers and AM technology
are presented in Table 2.
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Table 1. Comparison among the 3D printer technologies.

Author Definition Materials Related Technologies Power Source Strength Weakness References

Binder jetting

A process in which a liquid
bonding agent is
selectively deposited to
join powder materials

Polymers,
Metals, Glass

Powder bed and
Inkjet head
Plaster-based
3D printing

Thermal Energy
Full-color object
printing, Wide
material selection

High pirolates on
finished parts [6,7]

Directed Energy
Deposition

A process in which
focused thermal energy is
used to fuse materials by
melting as they are
being deposited

Powder, Metals Laser metal deposition Laser Beam
Easy repair,
Functionality graded
material printing

Require
post-processing
machine

[8]

Powder Bed Fusion

A process in which
thermal energy selectively
fuses regions of a
powder bed

Polymers, metals,
Ceramics, sand,
and carbon

Electron beam melting,
Selective laser, silvering,
Selective heat, sintering,
Direct metal
laser sintering

High-powered

High Accuracy
and Details
Fully dense parts
High specific
strength and stiffness

Fully dense parts
High specific
strength and stiffness

[9]

Sheet Lamination
A process in which sheets
of material are bonded to
form a part

Polymers, metals
Laminated object
manufacturing,
Ultrasonic consolidation

Laser Beam Inexpensive
extrusion machine

Limited part
resolution, Poor
surface finish

[10]

Material Extrusion

It is a 3D printing
technology that selectively
dispenses materials by a
nozzle or orifice

Polymers and Sand Fused deposition
modeling Laser Beam Multi-material

printing

High surface finish
Law-strength
material

[11,12]

Material Jetting
A process in which
droplets of build material
are selectively deposited

Polymers Metals,
Wax and biomaterial MultiJet modeling Thermal Multi-material

printing
Law-strength
material [13]

Vat Photo
Polymerization

A process in which liquid
photopolymer in a vat is
selectively caused by Light
activated polymerization

Polymers,
Ceramics, Wax

Stereolithography,
Digital light processing Energy

High building
speed-good
part resolution

Overcuring, scanned
line shape High cost
for supplies
and materials

[14]



Machines 2024, 12, 5 6 of 46

Table 2. Three-dimensional printer and AM technology selection and approaches.

Author Subject Approach

Ilangkumaran & Prabhu [15] Selection of 3D printer FAHP GRA-TOPSIS
Exconde et al. [16] Materials choice of 3D printing filament ELECTRE
Prabhu & Ilangkumaran [17] Selection of 3D printer FAHP-VIKOR-ELECTRE
Khamhong et al. [18] 3D Printer choice in AM FAHP
Agrawal [19] Sustainable material choice F-SAW, TOPSIS MOORA
Anand & Vinodh [20] Additive manufacturing processes FAHP–TOPSIS
Çetinkaya et al. [21] 3D Printer Selection FAHP and PROMETHEE
Calderaro et al. [22] Selection of AM technologies AHP
Ghaleb et al. [23] Selection of Manufacturing Process AHP, TOPSIS, VIKOR
Jo & Song [24] 3D Printing System Selection criteria Survey
Ransikarbum & Khamhong [25] AM Printer Selection FAHP
Nagulpelli et al. [26] Additive manufacturing production DSS
Lei et al. [27] 3D Printer choice in AM EDAS
Li et al. [28] AM and 3D Printing DSS
Palanisamy et al. [29] Selection of AM machine Best worst method
Justino Netto et al. [30] Selecting low-cost 3D printers AHP
Qin et al. [31] An AM process selection Fuzzy Archimedean
Raigar et al. [2] Selection of an AM process BWM and PIV method
Roberson et al. [32] 3D printer selection The factor’s contribution
Wang et al. [33] Selection of AM processes Judgement of feasibility
Yıldız & Uğur [34] Evaluation of 3D printers F-TOPSIS
Zagidullin et al. [35] Selection of 3D printer QFD
Gündoǧdu & Ashraf [36] Choice of 3-D printers in aviation 4.0 Picture Fuzzy Sets
Aydoğdu & Gül [37] 3D printer selection ARAS-IVSFS
Rakhade et al. [38] 3D printer selection for research AHP and TOPSIS
Gladkova et al. [39] 3D printer selection AHP
Chatterjee & Chakraborty [40] Selection of 3D printer Entropy and EDAS
Paul et al. [41] Selection of 3D printer ANP & TOPSIS
Gündoǧdu & Kahraman [42] Selection of 3D printer IVSFS–TOPSIS
Eker [43] 3D printing system selection criteria Survey
Shi et al. [44] 3D printing process selection triangular IFNs
Agarwal & Debapriyo [45] Choice of 3D Printers for Education ANP

As seen in Table 2, some of the authors focusing on 3D Printer selection preferred to
use decision-making procedures’ extended form based on diverse fuzzy sets in 15 studies
existing in the relevant literature. Also, applying the classical frameworks’ objective and
subjective forms was suggested in 14 papers to solve the 3DP selection problem. Although
fuzzy AHP and classical AHP approaches were used in eight papers and five studies, fuzzy
TOPSIS and ANP techniques were implemented in two works. Finally, some procedures,
e.g., BWM, EDAS, ELECTRE, F-GRA, F-SAW, IVSFS–ARAS, IVSFS–TOPSIS, PIV, and QFD,
were used once in various studies. As is understood, the researchers are aware of the
existing uncertainties, and various fuzzy sets were used in many works in the relevant
literature. However, most of these researchers preferred the traditional fuzzy set theory
(Zadeh, 1965) and the classical AHP method or the extended version of the AHP based on
fuzzy set theory. However, these papers have not presented sufficient information about
how the researchers overcame the structural problems and limitations of the AHP and
F-AHP approaches.

In addition, it is noteworthy that another subjective weighting technique that has been
the subject of many studies in the literature is the SWARA approach, and various fuzzy
sets-based extensions are widely used to process uncertainties. In this perspective, some of
the studies on the SWARA technique in the literature are presented in Table 3.
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Table 3. The former studies using diverse extensions of the SWARA approach.

Author Subject Approach

Kayapinar Kaya & Erginel [46] Hesitant Fs Sustainable airport design
Ayyildiz [47] Fermatean Fs Sustainable development goal
Rani et al. [48] Pythagorean Fs Solar panel selection
Geetha et al. [49] Hesitant Fs Contractor Selection
Dahooie et al. [50] Hesitant Fs Occupational hazards
Ghoushchi et al. [51] Spherical Fs Sustainable passenger transport
Li et al. [52] Bipolar q-ROFs Renewable energy
Aksoy et al. [53] Bipolar q-ROFs Green flight activity
Rajalakshmi & Mary [54] Hesitant bipolar Fs Air quality technology
Liu et al. [55] DH Bipolar Hesitant Fs Optimal selection of talents
Saeidi et al. [56] Pythagorean Fs Sustainable HRM
Wan et al. [57] Bipolar q-ROFs Clean energy projects
Jafarzadeh et al. [58] Spherical Fs Road safety
Shen & Liu [59] DH Hesitant Risk assessment of logistics firm
Xu et al. [60] Bipolar q-ROFs Renewable energy storage
Ghoushchi et al. [61] Z-information Failures in solar panel systems
Dinçer et al. [62] Golden Cut-Oriented q-ROFs Evaluation of renewable energy
Dinçer, [63] Picture fuzzy rough sets Analysis of renewable techn.
Liao et al. [64] Hesitant bipolar Fs Construction supplier choice
Liang et al. [65] Picture Fs Evaluation in gold mines

When the earlier works employing the extensions of the SWARA method with the help
of the various fuzzy sets were evaluated, it was noticed that the researchers mostly preferred
to use bipolar q-ROFs and hesitant fuzzy sets. The other fuzzy sets used in the literature can
be shown as Hesitant bipolar Fs (2), Pythagorean Fs (2), Spherical Fs (2), Double Hierarchy
Bipolar Hesitant Fs (1), Double Hierarchy Hesitant (1), Fermatean Fs (1), Golden Cut-
Oriented q-ROFs (1), Picture Fs (1), Picture fuzzy rough sets (1). However, only one study
employing the Fermatean fuzzy SWARA has been found in the literature. Ayyildiz [47]
extended the SWARA approach based on FFs to evaluate sustainable development goals. It
proves that the members of the research society are unaware of the FF–SWARA method’s
advantages even though it provides many precious theoretical and practical contributions.

The SWARA technique Keršulienė et al. (2010) developed has a simple, understand-
able, and practical algorithm. With a smaller number of calculations and comparisons, it
can reach quite reasonable and logical conclusions. In addition, the method incorporates
practitioners’ knowledge and experience into the evaluation process [66,67]. It also pro-
vides a complete consensus between the opinions of different experts, transforming the
individual assessments of the experts into the common opinion of the decision-making
group [68]. Its main advantages can be summarized as follows: (i) it ranks the selection
criteria according to their importance; (ii) It eliminates unimportant criteria by means of
voting; (iii) It assists in setting criteria with full consensus among decision-makers; (iv) It
provides the opportunity to evaluate the ranking determined by each decision-maker [69].

The RAFSI approach is an extremely powerful decision-making model compared to
other decision-making tools in the literature. In this respect, its most important advantage
is that it is completely resistant to the problem of turning rows thanks to its structural
features. This advantage of the procedure also increases the reliability of the model from
the point of view of decision-makers. However, RAFSI provides a flexible decision-making
environment. The RAFSI method developed by Žižović et al. [70] has three important
advantages that are recommended for further use: (i) its practical algorithm helps in
solving complex real-world problems; (ii) the RAFSI method has a novel approach to data
normalization that transfers data from the initial decision and converts the matrix into
any range suitable for making rational decisions; and (iii) the mathematical formulation
of the RAFSI method eliminates the problem of order reversal, which is one of the most
significant shortcomings of current MADM methods.
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Due to this advantageous structure, the RAFSI technique has been a preferred tool in
solving various complex decision problems by many researchers in the literature. These
studies are summarized in Table 4.

Table 4. The previous studies used the RAFSI technique and extensions.

Author Subject Approach

Kaya et al. [71] Classical Fs prioritizing the antivirus mask
Božanić et al. [72] Classical Fs selecting construction machines
Aro et al. [73] Single Interval Fs Evaluation renewable energies
Gokasar et al. [74] Type-2 neutrosophic numbers Electric vehicles’ evaluation
Deveci et al. [75] Q-Rung Orthopair Fs Personal Mobility in Metaverse
Kara & Yalcin [76] Classical Fs Customs brokerage company selection
Žižović et al. [70] Objective Researcher selection
Deveci et al. [77] Dombi-Fs Sustainable E-scooter parking
Pamucar et al. [78] Objective New gateway port in Libya
Trung et al. [79] Objective Turning processes
Kara [80] Classical Fs Operations manager selection

Although the RAFSI approach is pretty solid and resilient to the rank-reversal problem,
better than many popular MCDM procedures, the number of studies using this framework
or its extensions is exceptionally scarce. It means adequate awareness concerning this
approach’s critical advantages and theoretical contributions is still unavailable in the
research society. However, after three successful examples employing the classical form of
the RAFSI technique [70,78,79], the researchers preferred to use extensions of the RAFSI
based on various fuzzy sets, e.g., Classical fuzzy sets [71,72,76,80], Dombi-based fuzzy
sets [77], Q-Rung Orthopair fuzzy sets [75], Single Interval fuzzy sets [73], and Type-2
neutrosophic numbers [74]. Even though this combination has precious potential and
practical advantages to address highly complicated problems, no study in the relevant
literature proposes the extended form of the RAFSI approach based on the Fermatean
fuzzy sets (FFs). In this context, FFs-based multi-criteria decision-making techniques in the
literature are summarized in Tables 5 and 6, respectively.

Table 5. The earlier studies using the Fermatean fuzzy sets.

Author Methodology Research Subject/Problem

Sahoo [81] Linear Programming Transport problem
Zeng et al. [82] TOPSIS Low-carbon cities
Zeng, et al. [83] EDAS Green-supplier selection
Farid et al. [84] CODAS Sustainable supplier selection
Akram et al. [85] Linear Programming Transport problem
Ashraf et al. [86] Entropy Medical Diagnosis
Akram et al. [87] DEA Transport problem
Sethi & Kumar [88] TODIM–VIKOR Medical consumption products
Seker & Aydin [89] Quality Function Deployment Sustainable mobility hub center
Akram & Bibi [90] PROMETHEE Selection of bank manager
Akram et al. [91] MULTIMOORA Urban quality of life selection
Chang et al. [92] Entropy Risk assessment

When we survey the relevant literature in detail, there are 143 studies employing
various decision-making procedures’ extensions based on the FFs available. Although
in 2019, only four papers used FFs-based decision-making frameworks in the literature,
the number of studies using FFs increased to 69 in 2022. We demonstrate some of these
studies, which are focused on fascinating decision-making problems in Tables 5 and 6.
The ever-increasing number of studies employing the Fermatean fuzzy sets proves that
awarenesses of the members of the research society concerning the critical and precious
advantages and contributions of FF sets has continued to increase.
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Table 6. The earlier studies using the Fermatean fuzzy sets (Continue).

Author Methodology Research Subject/Problem

Ghorabaee et al. [93] WASPAS Green construction supplier
Mishra et al. [94] CRITIC and EDAS Reverse logistics providers
Zhou et al. [95] ELECTRE Hospital location selection
Sahoo [96] TOPSIS Bride selection
Gül [97] SAW, ARAS, and VIKOR COVID-19 testing laboratory
Senapati & Yager [98] WPM Bridge construction methods
Mishra & Rani [99] WASPAS healthcare waste disposal location
Gül et al. [100] TOPSIS Risk assessment in manufacturing
Mishra et al. [101] CoCoSo Internet of Things (IoT) barriers
Rong et al. [102] MARCOS Cold logistics distribution center
Barraza et al. [103] CODAS Co-design of urban projects
Akram et al. [104] VIKOR Nuclear power plant’s best location
Aldring & Ajay [105] MABAC Cyber security technologies
Simić et al. [106] MEREC and CoCoSo Adapting urban transport planning
Simić et al., [107] ITARA and MARCOS Locating a disinfection facility
Korucuk et al. [108] SWARA and COPRAS Assessing green approaches
Aytekin et al. [109] Entropy and WASPAS pharmaceutical distribution firms
Saha et al. [110] MARCOS Warehouse site selection

2.1. Research Gaps

When the literature is evaluated in general, almost all authors in the previous studies
dealing with 3DP selection agree that AM has a powerful potential for the industries’
transformation. Also, there is a complete consensus that it cannot be an alternative to
traditional subtractive production systems. AM is used in a few industries for prototyping,
producing tools, and medical implants, which are exceptionally personalized products [111].
Moreover, the expectations and requirements of each industry on 3DPTs are different.
However, in the literature, only a few studies examined the 3DP selection for a specific
industry, such as aviation [36], educational institutions [41], and the innovation center
of an academic institution [38]. Studies carried out without considering these different
requirements and expectations of industries may cause doubts about whether the results
of these studies are proper for actual conditions. Hence, authors of future studies should
consider these differences to reach more rational, realistic, and logical results.

When we handle these findings with many works focusing on 3DP selection using
decision-making techniques, it can be argued that gaps in the literature generate these
situations mentioned above. From this perspective, AM is a novel technology, and decision-
makers have insufficient information and experience to make proper and optimal decisions
about selecting appropriate 3DPs. Therefore, scholars and researchers have not yet provided
decision-makers with sufficient information and data for utilizing the 3DPT in industries.
However, the number of studies proposing decision support systems, decision-making
tools, and models has recently increased to make the practitioners’ business more easily
relevant to the 3DP and printing technology selection.

However, in the literature, traditional and classical MCDM frameworks commonly
preferred decision-making techniques such as the Analytic Hierarchy Process, VIKOR,
TOPSIS, PROMETHEE [31], and ELECTREE. However, these approaches cannot handle
ambiguities in complex decision-making problems faced in AM. Though the number of
papers examining the selection of 3DPs with the help of fuzzy approaches is still low,
an increasing number of these studies carried out in recent years may be an indicator
that researchers have started to notice that 3DP selection is an extraordinarily complex
evaluation problem, which is influenced by a lot of complicated situations and ambiguities.
However, the number of papers using classical decision-making approaches is still higher
than studies applying fuzzy approaches. Moreover, most of the studies applying fuzzy
techniques preferred to use the extended versions of these approaches mentioned above by
the fuzzy set theory.
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Additionally, the following gap, which was noticed in the literature, is relevant to the
criteria applied by the preceding papers. First, it is indefinite how these factors were chosen,
and there is no adequate information about frameworks applied to identify the criteria in
these studies. Also, it is ambiguous how the experts were selected and which criteria were
considered to identify them in some studies conducting a questionnaire to benefit from
experts’ evaluations, experiences, and opinions. Furthermore, considering only experts’
opinions makes it challenging to provide objectivity. The authors and researchers did not
indicate how they overcame this problem. Another significant indicator of the gap in the
criteria is that each author applied different criteria sets; there are no generally recognized
factor sets in the literature. It may raise doubts about the validity and compatibility of the
criteria and may essentially decrease the trustworthiness of the analyses. Also, most authors
did not find it necessary to test the robustness of the approach or model they proposed.
However, notably, the Analytic Hierarchy Process technique and many traditional decision-
making approaches in these previous papers suffer from rank reversal [112–116]. It means
the results obtained by applying these approaches may modify dramatically if an option is
added to or eliminated from the scope of the evaluation. It is a crucial and essential problem
with respect to the reliability of the implemented techniques. Also, these techniques have
many drawbacks, limitations, and structural problems. In particular, the AHP has a highly
complicated basic algorithm, as it requires many computations and comparisons; these
complexities may arise depending on the number of factors and options. Moreover, it
needs extra calculations to ascertain the consistency ratio. Consequently, these findings
indicate that decision-makers lack a robust, stable, and efficient model for complicated
ambiguities. Hence, the requirements for this model also prove another gap related to the
decision-making approach.

Finally, most 3DPs evaluated by authors in the previous studies are improper for
mass production because their production speed, capacity, and maximum build size are
insufficient to respond to the requirements of some industries such as textile, automotive,
and machine manufacturing. Thus, these previous studies cannot meet the requirements of
these industries concerning the transformation of the production system, as the examined
3DPs by the authors carrying out these studies cannot produce thousands of products with
equal quality and standards.

3DPs are classified into seven groups by considering the 3DPTs, their different ca-
pabilities, advantages, and disadvantages. These 3DPTs have an incomparable function
in identifying relationships between the abilities of 3DPs and the requirements of the
industries and lean selection processes. Identifying the appropriate 3DPT alternative can
help eliminate the 3DPs using different 3DPTs (i.e., that do not meet the requirements) in
the evaluation process. That makes it easier for the practitioners’ business concerning the
choice of industrial 3DPs in AI and can help make the production process lean. On the
other hand, the authors who carried out the earlier studies dealt with the 3DP selection.
Eventually, most of them overlooked the significance of the different 3DPTs. However, se-
lecting 3DPs without identifying the appropriate 3DPT may not provide rational or logical
results. Selecting a 3DP alternative at a high rank concerning criteria such as reasonable
purchasing cost, production speed, and so on may not be feasible, rational, or logical due
to its improper 3DPT for the current industry.

2.2. Motivations of the Work

There are many motivations for the work. First, it is based on a real-world evaluation
problem. From this perspective, one of Turkey’s large-scale automotive sub-industrial
enterprises had evaluated shifting from a subtractive production system to AM for one
of the manufacturing plants producing connecting rods. The company produces approxi-
mately 8000 units annually to meet the requirements of a single customer. However, senior
executives of this company had no road map to help manage this transformation process,
and they did not know what was to be done to reach desirable and expected results. The
auto spare part planned to be produced using 3DPT is presented in Figure 1.
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Also, they have limited knowledge about 3DPs and no idea how the best 3DPs can
be selected. However, all of them made sure that this decision was compulsory for their
company because an international key player producing brake systems was preparing to
enter the market soon; it was an essential concern for these top managers. They asked for
technical support from us to find a reasonable and efficient resolution for this problem. We
noticed that conducting this process as a research process will be better in the first meeting
with these executives.

Correspondingly, a research process was designed and carried out (the details of this
procedure are demonstrated in the subsequent section) to identify the selection criteria and
propose a decision-making model. Therefore, the paper’s first motivation is to generate
an optimal, robust, and efficient decision environment for selecting appropriate 3DPT and
printers for the company. We noticed critical gaps in the literature and practice when
conducting an extensive literature review and pre-examining to collect details and data.

Although many investigations have been performed to demonstrate innovative ad-
vancements in 3DP and AM technologies and their adoption in various industries in the
relevant literature, the previous works have neglected the potential and possibly practical
contributions of selecting the most appropriate 3DP technologies and 3DPs for the man-
ufacturing industries. Most studies evaluated personal and small 3DPs purchased with
hobby-aimed by users, but these 3D printers are not proper for mass production of auto
parts, and the obtained findings cannot be generalized to the manufacturing industries.
Moreover, the relevant literature fails to adequately contribute to the manufacturing in-
dustries regarding the selection of the most appropriate 3DPTs and 3DPs. However, the
selection of 3DPTs and 3DPs is an extraordinarily complicated decision-making problem
affected by highly complex uncertainties. There are two significant reasons for that: first,
AM and 3DP technologies are relatively new and high-tech instruments. Second, the
technical and operational information of the experts in various manufacturing industries is
mostly insufficient concerning these machines. In addition, there are no criteria set that
are commonly accepted by practitioners and can be used to assess 3DPTs and 3DPs in
industries’ practices. In addition, a wrong decision in the selection of 3DPTs and 3DPs is
unrecoverable, as the acquisition costs of these machines are enormously high. Finally,
senior executives in the automotive industry mostly consider recommendations of the
specialists in the 3DPs manufacturing industry to select a proper 3DP to use in the additive
manufacturing process. However, these recommendations may be fallacious for decision-
makers since these experts consider their 3DP manufacturer or distributor firm’s benefits
and may suggest their products provide higher profits even though they do not fit the
manufacturing company’s requirements.

Thus, practitioners who are responsible for assessing and selecting the most proper
3DPTs and 3DPs alternatives in the automotive industry can be motivated to apply a
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decision-making framework to successfully re-construction their production lines based on
AM systems in the manufacturing plants. The current study is motivated by considering
gaps and deficiencies in industry practices, briefly demonstrated below.

1. The members of the research society have neglected the Importance and practical
contributions of the selection of 3DPTs and 3DPs in the car-manufacturing industry.

2. These research gaps influence the industry practices concerning the adoption of 3DP
and AM technologies in the relevant industry. Consequently, the research society fails
to contribute adequately to appraise the available 3DPs alternatives in the automobile
industry.

3. As 3DP and AM are newly emerging and sophisticated technologies, the accumulation
of knowledge of the industry’s professionals on the selection, establishment, usage,
and compatibility of these new manufacturing technologies is severely scant.

4. Decision-makers in the automotive industry face many challenges concerning the
appraise of 3DPTs and 3DPs technologies for auto parts manufacturing processes due
to a lack of trustworthiness and robust MCDM procedures that can adequately deal
with greatly complicated ambiguities in the literature.

5. No set of identified criteria is commonly accepted by researchers and top managers
influencing the assessment process for evaluating and selecting the proper and best
3DPTs and 3DPs.

The current study attempts to find logical answers to the research questions, which
helps decision-makers in the automotive industry explore practical and efficient ways to
appraise the 3DPs AM technologies. The following research questions are presented:

RQ1. Why do manufacturing companies in the automotive industry require 3DP and
AM technologies, and how can these technologies reshape the auto parts manufacturing
processes?

RQ2. What are the most critical and influential criteria that should be included in the
scope of the 3DPTs and 3DPs selection evaluation?

RQ3. How can these new manufacturing technologies influence production systems’
overall performances and efficiencies?

RQ4. Is it possible to suggest a novel procedure to determine the criteria influencing
the selection of 3DPTs and 3DPs?

RQ5. How can the existing ambiguities be dealt with in an appraisal process to identify
suitable 3DPTs and 3DPs for the automotive manufacturing industry?

In this connection, the objectives of the study are briefly demonstrated to find reason-
able and logical answers to the research questions as follows:

(a) Developing a procedure to determine the significant criteria that should be included in
the scope of analysis to address the 3DPs selection problem for the car-manufacturing
industry.

(b) By implementing the suggested procedure, determining the influential criteria to
structure the decision-making problem properly.

(c) Identifying the best 3DPT and 3DP alternatives by implementing the suggested
decision-making approach for the automotive industry.

Accordingly, the current paper’s most significant motivation is proposing a stable, con-
sistent, and practical mathematical tool that can effectively handle intricate unpredictability.
The third inducement of the work is to introduce a set of factors that is up-to-date and
appropriate to real-world evaluation problems and to identify with a detailed literature
review and examination performed together with incredibly skilled executives. The criteria
set can inspire practitioners in industries and researchers who conduct future studies on
this subject.

2.3. The Motivation for Developing the FFD–SWARA and RAFSI Model

Aside from deficiencies concerning additive manufacturing practices in the automotive
industry, we noticed critical research gaps in this field when we investigated the relevant
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literature carefully. The most crucial gap was related to improper criteria and factors used
in the previous studies. Most existing studies dealt with personal 3D printers. The findings
of these studies cannot be generalized for the 3D printers employed in the mass production
processes because the criteria used in these works are not suitable for the selection of 3DP
used in mass production. Furthermore, the approaches involved mostly objective and
classical fuzzy sets proposed by these studies could not produce satisfactory solutions
due to their structural problems and disadvantages. First, additive manufacturing is a
new practice in the automobile manufacturing industry, and practitioners in the relevant
industry encounter several challenges concerning decision-making due to significant and
critical deficiencies in collecting information and data concerning these implementations.
However, the procedures in the literature are not sufficiently reliable for these decision-
makers because some of them, using objective approaches, overlooked ambiguities in
the car-manufacturing industry. Classical fuzzy sets employed in some studies could
not successfully process highly complicated vagueness because the classical fuzzy sets
consider only membership functions and overlook non-membership functions. Therefore,
practitioners in the automotive sector need a robust, trustworthy, and practical decision-
making tool that can handle excessively complex uncertainties to assess the 3DP alternatives
employed in the car-manufacturing processes. Considering this requirement, we developed
a hybrid decision-making model involving the SWARA and the RAFSI. Also, we extended
this combination with the help of the Fermatean fuzzy sets. Each approach has diverse
advantages and contributions to addressing decision-making problems, and the suggested
integrated model merges these advantages.

First, the SWARA approach helps to compute the criteria weights logically and identi-
fies the relative significance of the criteria more realistically [66]. In addition, it requires
fewer computations and pairwise comparisons than the AHP technique [118]. The com-
plexness of the SWARA method is relatively low compared to many popular frameworks,
which are used to identify the criteria weights. Moreover, experts with various features
can work together [119], and it is not necessary to identify presuppositions to evaluate
a decision-making problem. Moreover, it provides an excellent compromise among the
experts by considering and associating their assessments and eliminates the impacts of
experts’ excessive assessments.

Second, the RAFSI approach has many benefits in addressing complicated decision-
making problems. First, this framework has an efficient basic algorithm, and practitioners
can apply it without needing advanced mathematical knowledge. Thus, the RAFSI ap-
proach’s basic procedure is simple Deveci et al. [120]. It also eliminates the rank-reversal
problem that can be accepted as a big challenge of the MCDM approaches due to the advan-
tages of the new normalization technique applied by this framework [70,120]. Therefore,
the procedure’s advantages make it a more trustworthy approach for decision-makers to
solve extraordinarily complicated decision-making problems.

Moreover, the Fermatean fuzzy sets can define more ambiguities [121] and describe
uncertainties more extensively [122]. Consequently, due to the advantages of the score func-
tion and accurate function, which were defined by Senapati & Yager [123], the Fermatean
fuzzy sets, which are the extended form of the Intuitionistic fuzzy sets IFSs, can deal with
more complicated vague information compared to the IFSs and other traditional fuzzy sets.

3. The Suggested Model

This section presents the recommended Dombi-based FF–SWARA and FF–RAFSI
approaches and their implementation steps. For this purpose, preliminaries on Fermatean
Fuzzy (FF) sets are given in the following section.

3.1. Fundamentals of Fermatean Fuzzy Sets

The preliminary information about the Fermatean fuzzy sets (FFSs) introduced by
Senapati & Yager [124] and information about some basic algebraic operations required in
the model’s implementation steps are demonstrated below:
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Definition 1 [98,110,123–125]. A “∂” Fermatean fuzzy set (FFS) is expressed as given in
Equation (1).

∂ = {〈yi, α∂(yi), δ∂(yi)〉|yi ∈ Q} (1)

where α∂ : Q→ [0, 1] and δ∂ : Q→ [0, 1] denote membership (MD) and non-membership (N-
MD) degrees, respectively, and provide 0 ≤ (α∂(xi))

3 + (δ∂(xi))
3 ≤ 1 a condition for yi ∈ Q.

Also, the indeterminacy degree is expressed as in Equation (2) [94,108,110,126]:

π∂(xi) =
3
√

1− (α∂(yi))
3 − (δ∂(yi))

3, ∀yi ∈ Q (2)

Definition 2 [123,125,127]. Suppose there are two Fermatean Fuzzy numbers (FF numbers),
∂1 =< α1, δ1 > and∂2 =< α2, δ2 >. Then, some algebraic operations based on FF numbers for ∂1
and ∂2 can be expressed as below [94,108,110,126]:

• ∂c
1 =< δ1, α1 >

• ∂1 ⊕ ∂2 =
〈

3
√

α3
1 + α3

2 − α3
1α3

2, δ1δ2

〉
• ∂1 ⊗ ∂2 =

〈
α1α2, 3

√
δ3

1 + δ3
2 − δ3

1δ3
2

〉
• ň∂1 =

〈
3
√

1−
(
1− α3

1
)ň, δň

1

〉
(ň > 0), ň is a constant

• ∂ň
1 =

〈
αň

1 , 3
√

1−
(
1− δ3

1
)ň
〉
(ň > 0), ň is a constant

Definition 3 [123]. For FF numbers described as ∂ =< α, δ > by Senapati & Yager [123], the
score and accuracy values can be computed by applying Equations (3) and (4).

SC∂ =
(

α3 − δ3
)

(3)

Acc∂ = α3 + δ3 (4)

whereSC∂ ∈ [−1, 1] and 0 ≤ Acc∂ ≤ 1;Acc∂ ∈ [0, 1]; π3
∂ +Acc∂ = 1 [127]. In Equations (3) and (4),

when two FF numbers are sorted based on equations given for SC∂ and Acc∂ conditions, which should be
considered are expressed below [127]:

(I) If SC∂1 < SC∂2 , then ∂1 < ∂2,
(II) If SC∂1 > SC∂2 , then ∂1 > ∂2,
(III) If SC∂1 = SC∂2 , then

• if Acc∂1 < Acc∂2 , then ∂1 ≺ ∂2,
• if Acc∂1 > Acc∂2 , then ∂1 � ∂2,
• if Acc∂1 = Acc∂2 , then ∂1 ≈ ∂2.

Definition 4 [94]. Improved Generalized Score Function (IGSF) described by Mishra et al. [94]
based on MD and N-MD is given in Equation (5).

SC∗(∂) = α3
∂

[
1 + (ϕ1 + ϕ2)

(
1− α3

∂ − δ3
∂

)]
(5)

where ϕ1 + ϕ2 = 1 and φ1, φ2 > 0 [127].

Definition 5 [98,124]. The Fermatean fuzzy weighted averaging (FFWA) is defined as in Equation (6):

FFWA(∂1, ∂2, . . . , ∂i) =

(
n

∑
i=1

ωiα∂i
,

n

∑
i=1

ωiδ∂i

)
(6)
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where (i = 1, 2, . . . , n) are the FF numbers and ωi symbolizes the weight coefficient and should

provide the condition of
n
∑

i=1
ωi = 1.

Definition 6 [128,129]. On condition that (u, s) are real numbers, while “Dombi triangular
norm” and “co-norm” [129] is presented in Equation (7), the “Fermatean Fuzzy Dombi Weighted
Average (FFDWA)” operator introduced by Aydemir & Yilmaz Gunduz [128] is expressed in
Equation (8) [127,128].

T(u, s) =
1

1 +
{(

1−u
u

)θ
+
(

1−s
s

)θ
} 1

θ

(7)

S(u, s) = 1− 1

1 +
{( u

1−u
)θ

+
( s

1−s
)θ
} 1

θ

(8)

where (u, s) ∈ (0, 1)× (0, 1) and θ ≥ 1 [129].

FFDWA(∂1, ∂2, . . . , ∂n) =

 3

√√√√√√√1− 1

1 +

{
n
∑

i=1
λi

(
α3

∂i
1−α3

∂i

)θ
} 1

θ

,
1

3

√√√√1 +

{
n
∑

i=1
λi

(
1−δ3

∂i
δ3

∂i

)θ
} 1

θ

 (9)

where
n
∑

i=1
λi = 1, λi > 0, λ = (λ1, λ2, . . . , λn) is the weight vector of (∂1, ∂2, . . . , ∂n) [127].

3.2. Determining the Weights of the Criteria

The SWARA (Stepwise Weight Assessment Ratio Analysis) technique introduced by
Keršulienė et al. [130] has been frequently preferred and successfully applied by researchers
to identify the criteria weights in many studies. It is used to address various decision-
making problems, such as the efficiency and performance of global retail supply chains [67],
Evaluating logistics villages in Turkey [131], and evaluating industrial robots for the
automobile manufacturing industry [132]. Here, the basic procedure of the extended form
of the SWARA approach based on the Dombi aggregating operator and the Fermatean
fuzzy sets is presented as follows:

Step 1. The criteria identified by considering the decision problem are assessed by
specialists using the linguistic terms shown in Table 7 [108]. Then, the Fermatean decision
matrix <(d)

j =
[

h̄(d)j

]
=
[
< α

(d)
j , δ

(d)
j >

]
(d = 1, 2, . . . , p), (j = 1, 2, . . . , n) is constructed by

converting these appraisals to the FF numbers corresponding to the scale. Where h̄(d)
j

denotes the assessment of dth analysts for the criterion jth (j = 1, 2, . . . , n).

Table 7. The linguistic assessment scale was used to evaluate the criteria [108].

Linguistic Terms Codes FF Numbers

Extremely Important EI <0.975, 0.100>
Very Important VI <0.85, 0.20>
Important I <0.70, 0.35>
Moderately Important MI <0.55, 0.50>
Slightly Important SI <0.35, 0.70>
Not Important NI <0.20, 0.85>
Extremely Unimportant EU <0.100, 0.975>
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Step 2. By applying the FFDWA aggregating operators presented in Equation (10) [127,128,133],
the assessments executed by the specialists for the criteria are aggregated, and the integrated
significance degree for each criterion is determined.

hj =

 3

√√√√√√√
1− 1

1+


p
∑

d=1
℘
(d)
j


(

α
(d)
j

)3

1−
(

α
(d)
j

)3


θ


1
θ

, 1

3

√√√√√√√√1+


p
∑

d=1
℘
(d)
j

 1−
(

δ
(d)
j

)3

(
δ
(d)
j

)3


θ


1
θ


(j = 1, 2, . . . , n), (d = 1, 2, . . . , p))

(10)

where h̄j =
〈
αj, δj

〉
and the experts’ weights

p
∑

d=1
℘(d) = 1.

Step 3. Integrated values
(
h̄j
)

computed as FF numbers are converted to the score
values SC∗

(
}j
)

using Equation (5) [94,127].
Step 4. The criteria are sorted by considering their score values in ascending order,

and their relative significance scores ϑj are calculated [47,108].
Step 5. The comparative coefficient score for each criterion is calculated by implement-

ing Equation (11) [47,77,108,133].

=j =

{
1, j = 1

ϑj + 1, j > 1
(11)

Step 6. Based on the comparative coefficient score = identified in the previous step,
the weight scores are γ calculated by applying Equation (12) [77,133].

γj =

{
1, j = 1

γj−1
=j

, j > 1 (12)

Step 7. These γ scores are normalized with Equation (13) [47,108,133], and the final
weight coefficient is identified for each criterion.

ωj =
γj

n
∑

j=1
γj

(13)

where ωj ≥ 0;
n
∑

j=1
ωj = 1.

3.3. Determining the Ranking Performance of Options

In this stage, the fundamental procedure of the FFD–RAFSI technique proposed to
rank the options is demonstrated.

Step 1. The linguistic assessment matrices ℵ =
[
y(d)ij

]
mxn

d = (1, 2, 3, . . . , p) are ac-

quired by specialists performing linguistic evaluations for the alternatives Ai (i = 1, 2, 3, . . . , m)
regarding measures Cj (j = 1, 2, . . . , n). For this purpose, experts consider the linguistic ap-
praisal scale demonstrated in Table 8. Then, these matrices are converted to the Fermatean
Fuzzy (FF) decision matrices r(d) =

[
r(d)
(ij)

]
mxn

by considering FF numbers corresponding to

Table 8. Here, r(d)
(ij) =

〈
α
(d)
ij , δ

(d)
ij

〉
.
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Table 8. The linguistic appraisal scale for the alternatives [93].

Linguistic Terms Codes FF Numbers

Very very low VVL <0.10, 0.90>
Very low VL <0.10, 0.75>
Low L <0.25, 0.60>
Medium-low ML <0.40, 0.50>
Medium M <0.50, 0.40>
Medium High MH <0.60, 0.30>
High H <0.70, 0.20>
Very high VH <0.80, 0.10>
Very very high VVH <0.90, 0.10>

Step 2. FF decision matrices created for the individual evaluation of each expert are
combined with the help of Equation (10), taking into account the weights of the experts, and
the aggregated decision matrix is obtained. After this process, the initial decision matrix is
obtained based on Equation (5).

Step 3. The ideal (τI) and anti-ideal (τAI) solutions for each criterion are defined as
demonstrated in Equation (14) [70,79].{

(τI) < Min
(
τj
)

(τAI) > Maks
(
τj
) → Cost,

{
(τI) > Maks

(
τj
)

(τAI) < Min
(
τj
) → Bene f it (14)

Step 4. This step defines a function mapping of the initial decision matrix’s elements
into criterion intervals. Equation (15) [71,72,134].

f j(x) =
zk − z1

τIj − τAIj

•τij +
τIj z1 − τAIj zk

τIj − τAIj

(15)

Here, zk and z1 denote a ratio that describes how much the ideal solution should be
better than the anti-ideal solution [71]. In the relevant literature, the authors proposed
that this ratio should be equal to six [z1 = 1 ve zk = 6] or nine [z1 = 1 ve zk = 9] [72].
In this connection, we decided to (according to the expert’s opinion) use this ratio as
6 [z1 = 1, zk = 6].

Step 5. The standardized decision matrix U =
[
uij
]

mxn is constructed using criteria
functions, as shown in Equation (16).

U =
[
uij
]

mxn =

A1
A2
A3
...

Am


u11 u12 u13 · · · u1n
u21 u22 u23 · · · u2n
u31 u32 u33 · · · u3n

...
...

...
. . .

...
um1 um2 um3 · · · umn

 (16)

Step 6. The elements’ arithmetic ∆1 and harmonic means ∆2 are calculated to form
the FF normalized decision matrix using Equations (17) and (18). Then, elements are
normalized regarding their characteristics, i.e., max or min, with the help of Equation (19),
and the FF normalized decision matrix is obtained as shown in Equation (20) [134,135].

∆1 =
z1 + zk

2
(17)

∆2 =
2

(1/z1) + (1/zk)
(18)

Bene f it→ βij =
uij

2∆1
, Cost→ βij =

∆2

2uij
(19)
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N =
[
βij
]

mxn =

A1
A2
A3
...

Am


β11 β12 β13 · · · β1n
β21 β22 β23 · · · β2n
β31 β32 β33 · · · β3n

...
...

...
. . .

...
βm1 βm2 βm3 · · · βmn

 (20)

Step 7. The criteria function’s values Ui for each criterion are computed, and options
are sorted regarding these values. This work uses the criteria weights ωj identified by
applying the FFD–SWARA approach. The alternative with the highest value represents the
most preferred choice in a real-life assessment process [72].

Ui = ω1βi1 + ω2βi2 + . . . + ωnβin =
n

∑
j=1

ωjβij (21)

4. Implementation of the Suggested Decision Model

Here, the recommended decision model is applied to the 3DP selection problem in
AI, following the proposed model’s implementation steps, and the results obtained are
demonstrated as follows. The model’s basic algorithm is demonstrated in Figure 2.
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4.1. The Preparation Process

After the top managers of the automotive auxiliary equipment producers asked for
support from us to determine a logical resolution for the 3DP evaluation problem faced
by this company. We decided to organize sessions and personal discussions with these
executives to collect preliminary information about the assessment problem concerning
3DP selection. Before the first meeting, we executed a preliminary investigation to collect
information and data about the automotive sub-industry and the challenges and problems
encountered by companies in the related industry. Then, we arranged a briefing among
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the researchers and senior executives of the automotive industry to assess the prelimi-
nary investigation results. At the end of the negotiation process, we decided to carry
out a research process by providing complete consensus among the attendees because
the research problem was extraordinarily complicated and impossible to solve without
an efficient and robust decision-making procedure. In this connection, the researchers
designed a research process by considering the two interrelated case studies. The following
fundamental procedure of the research process is demonstrated in Figure 2.

4.1.1. Description of the Problem

The main motivation of the study is to evaluate available 3DP technologies and 3D
printers, which use the most proper technology to manufacture the auto part demonstrated
in Figure 3. In addition, we decided to extend the research scope by identifying the most
proper 3D printer technologies and the best 3D printers that can be employed in the
automotive manufacturing process. The first step is to examine the most appropriate 3DP
technology alternative for the automotive industry. In the second stage, we identified
and assessed the alternatives that use the most proper 3DP technology determined in the
first phase. Thus, the first case study is related to the selection of the most suitable 3DP
technology for the auto parts manufacturing industry.
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Moreover, the second case study is relevant to 3D printer selection in the current
industry. The second case is interrelated with the first, as we only considered the 3D
printers produced by using the best 3DP technology identified in the current work. Hence,
the implementation involves two main parts, and the most appropriate 3D printer is
determined after the best 3DP technology is defined for auto parts manufacturing. The
procedure of the study followed to identify the best option is demonstrated in Figure 3.

4.1.2. Selection of the Experts

We also planned to construct a board of professionals with vastly experienced ex-
ecutives with broad AI and AM information. Moreover, according to the general view
of executives and researchers, selecting board members from outside the company and
among independent professionals was considered better to provide an objective and well-
structured decision-making environment. Except for one, we decided to select experts from



Machines 2024, 12, 5 20 of 46

outside the firm as members of the BoE. For this purpose, we set some measurements for all
candidates to be board members. First, receiving an education in engineering at a reputable
university is a criterion for being a board member. Second, a candidate should have at least
15 years of experience as a senior executive in the current industry. Also, they should have
extensive knowledge and experience of AM and its implementations. Finally, a candidate
must serve as a decision-maker, at least in an evaluation process, to solve an evaluation
problem on 3DP selection.

We identified all candidates by considering these conditions. Aside from the existing
candidates, we searched for members of the BoE among professionals in AM, 3D printing,
and AM through some business platforms such as LinkedIn, Glassdoor, and Randstad.
Then, our research team evaluated these candidates (i.e., over 40 professionals) and elimi-
nated some of them since they had insufficient qualifications to join the BoE. We identified
five professionals as the board members because they fit the determined conditions. The
details of the professionals are given in Table 9.

Table 9. The board of experts and their details.

DMs. Duty Exp. Graduate Degree

DM-1 Engineering Leader 27 Mechanical Engineering M.A
DM-2 Additive Manufacturing R&D Engineer 33 Electronic Engineering B.A
DM-3 3D Printing Engineer 24 Electronic Engineering M.A
DM-4 Autonomous Vehicle Dev. Group Manager 18 Electric Engineering B.A
DM-5 Manufacturing Engineer 24 Mechanical Engineering M.A
DM-6 Additive Manufacturing Solution Engineer 22 Mechanical Engineering M.A
DM-7 Production Manager 19 Electronic Engineering M.A
DM-8 Product development manager 21 Mechanical Engineering B.A
DM-9 Product manager 20 Industrial Engineering M.A
DM-10 R&D Engineer 17 Electronic Engineering M.A

4.1.3. Identification of the Selection Criteria

We decided to develop a novel framework that can assist in identifying the criteria
and eliminating the impacts of subjective evaluations. Hence, we designed a negotiation
process involving four rounds to determine the influential criteria. The four-stage procedure
followed by the researchers is demonstrated as follows:

Round 1. In the first stage, we extensively surveyed the relevant literature to detect
the criteria considered in the earlier works dealing with 3D printer selection. Including
repetitive ones, we noted 219 criteria used in 27 papers. Afterward, we noticed that some
criteria were used with different definitions (i.e., printing speed, speed of production, max
printing speed, high print speed, speed, build speed, max. print speed, and print speed).
We merged these definitions and defined a criterion, namely speed of production, involving
these criteria. Moreover, we eliminated the repetitious criteria in the list. We prepared a
new list involving 105 criteria at the end of the process.

Round 2. The researchers invited all experts selected as working group members to
the well-attended meeting to evaluate and discuss the identified criteria and organized
several sessions and personal interviews with the members of the BoE through online
meeting platforms due to the pandemic. In this stage, we presented the criteria list to the
experts. We requested them to evaluate all criteria separately to determine whether they are
relevant or irrelevant concerning selecting 3DPs employed in the auto part manufacturing
processes. Each expert voted each criterion as relevant or irrelevant by checking the box on
the questionnaire form. Afterward, we noted all criteria the specialists defined as irrelevant
and discussed each criterion. They argued that some criteria are irrelevant to the 3DPTs
and 3DPs selection for auto parts manufacturing. Also, some criteria may be incorporated
into diverse criteria existing in the list. In this connection, we eliminated 76 criteria by
providing full consensus among the specialists and formed a new list involving 29 criteria,
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shown in Table 8. Finally, experts considered fit to assess the 29 criteria by applying the
FFD–SWARA & Delphi approach to identify the final criteria.

Next, we presented a new questionnaire form involving 29 criteria to these ten experts
to assess these criteria using the linguistic terms shown in Table 5. At the end of the phase,
we collected the survey forms and concluded the second round.

Round 3. In this round, we applied the proposed FF–Delphi approach that consists of
four implementation steps. In the first step, we checked each survey form and generated
FF initial decision matrices involving the specialists’ assessments. Then, we followed the
next steps of the suggested procedure:

In the first phase, we computed the relative significance scores of the alternatives
by following the first seven implementation steps of the FFD–SWARA approach. Next,
we computed the final evaluation score of each criterion by employing Equation (22),
presented below.

ς j =
ωj

max
(
ωj
) (22)

where [Si] denotes the final evaluation score of each criterion. Then, the criteria were
categorized into three classes regarding their scores. The linguistic evaluations of the
experts and final computational results concerning the classes are demonstrated in Table 10.

Table 10. The board of experts and their details.

Decision-Makers

No Criteria 1 2 3 4 5 6 7 8 9 10 Result Class

1 Accuracy VI EI VI VI EI VI EI EI MI VI 1.000 Critical
2 After-sales service EI VI VI VI EI EI MI MI EI EI 0.642 Moderate
3 Build time VI EI MI EI MI EI EI VI VI EI 0.642 Moderate
4 Build volume SI EI VI VI EI VI EI VI VI EI 0.406 Uncritical
5 Complexity EI VI EI MI VI EI EI MI VI VI 0.961 Critical
6 Cost of production EI VI VI VI VI MI EI VI VI VI 0.747 Moderate
7 Elongation MI MI VI EI VI VI VI EI EI VI 0.951 Critical
8 Energy Consumption EI VI EI VI EU VI EI EI VI EI 0.557 Moderate
9 Heat deflection temperature EI VI VI SI VI MI EI MI EI EI 0.572 Moderate
10 Layer Resolution SI EI VI VI VI EI MI MI EI EI 0.616 Moderate
11 Layer thickness MI MI VI MI VI EI EI EI VI VI 0.407 Uncritical
12 Manufactured Filament price MI MI EI EI EI VI VI MI MI EI 0.401 Uncritical
13 Material Costs MI EI VI SI SI VI EI VI VI EI 0.950 Critical
14 Material utilization VI VI VI VI VI EI EU VI EI VI 0.687 Moderate
15 Max Build size SI VI VI SI VI VI MI EI VI EI 0.654 Moderate
16 Noise Emissions SI EI VI MI MI VI MI VI EI VI 0.400 Uncritical
17 Number of Extruders MI MI VI MI MI VI MI VI EI EI 0.401 Uncritical
18 Printer Weight VI VI MI EU VI VI EI MI EI VI 0.399 Uncritical
19 Productivity VI MI EI SI EU MI EI SI MI VI 0.845 Moderate
20 Purchasing costs SI MI VI MI EU VI MI SI VI EI 0.993 Critical
21 Quality NI SI MI EU MI MI NI MI NI I 0.998 Critical
22 Repeatability EI MI I NI EU MI NI MI EU EU 0.984 Critical
23 Setup Time SI MI I EU MI SI MI MI EU EU 0.402 Uncritical
24 Speed of Production EU NI MI EU NI EI MI EU EU EU 0.984 Critical
25 Surface Quality NI NI EI NI NI NI EU EI EU EU 0.793 Moderate
26 Tensile strength EU MI MI EI MI EI EU EU EU EU 0.602 Moderate
27 Transportation cost NI NI EI EU NI EI EU EU EU EU 0.401 Uncritical
28 Waste Amount VI MI VI EI VI EI MI VI VI VI 0.654 Moderate
29 Wi-Fi Availability SI VI VI SI MI EI EI VI EU SI 0.400 Uncritical

The criteria were classified by considering intervals demonstrated in Table 11.
Finally, we discussed the validation of the identified criteria with the experts and

decided to include these criteria in the scope of the assessment. The criteria and descriptions
are presented in Table 12.
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Table 11. Intervals for categorizing the criteria.

Linguistic Terms Abv. FF Numbers Score Classes

Extremely Important EI 0.975 0.100 0.993724
Very Important VI 0.850 0.200 0.846187 Critical

Important I 0.700 0.350 0.553645
Moderately Important MI 0.550 0.500 0.284272 Moderate

Slightly Important SI 0.350 0.700 0.069206
Not Important NI 0.200 0.850 0.011023 Uncritical

Extremely Unimportant EU 0.100 0.980 0.001058

Table 12. The board of experts and their details.

No Criteria Description References

C1 Accuracy
It means a measure for error in terms of percent. Moreover,
it denotes the dimensional accuracy of the produced part

when it is compared with the digital model.
[2,18,19,23,25,29–31]

C2 Repeatability
It refers to reliability concerning obtaining the same results

when the 3DPs are employed for a particular or
continuous process.

[29]

C3 Cost of production It defines all expenses incurred by a manufacturing
company to print an auto part in terms of currency.

[2,18,20,22,23,25,27,29–
31,33,38,41]

C4 Speed of Production It denotes the number of products that can be produced in
a definite time using a 3D printer. [15,17,20,24,28,33–35,37,38,40,41]

C5 Quality It refers to how good a newly purchased 3D printer is
compared to similar models and brands. [23,35,37]

C6 Purchasing costs It refers to the acquisition cost for a newly purchased 3D
printer used to be employed in the manufacturing process. [15,18,21,25,26,34,35,40]

C7 Tensile strength
It is a measure defining the tensile resistance in terms of
Mpa in an additive manufacturing process (the highest

value is better).
[2,16,18,19,25]

C8 Surface Quality
It denotes surface finish in terms of microns. It is the

measure of smoothness on the surface of an auto part that
is printed using 3DP in additive manufacturing.

[2,18,22,25,30]

C9 Max Build size It points out the maximum size of an object that a 3D
printer can print. [15,18,20,24,29,38,41]

C10 Material utilization
A 3D printer can process various types of materials, such

as plastics, metals, and polymers, which have different
characteristics.

[23,32]

C11 After-sales service It means support provided by 3DP manufacturers after a
printer has been purchased. [28,33]

C12 Complexity It refers to 3D printers’ ability to produce complex shapes. [20,22,23]

C13 Productivity
It refers to the performance obtained by comparing the

number of inputs and outputs in the additive
manufacturing process.

[23,37]

C14 Elongation
It denotes the required elongation coefficient (in terms of

percent) of a material used to manufacture an object
(highest is better).

[2,18,19,25,31]

C15 Build time It denotes the time required to produce a part in terms of
minutes (the least is better). [2,18,21,22,25,27,30–32]

C16 Material Costs It denotes the unit price of materials used by a 3D printer
in additive manufacturing (The least is better). [15,17,25–27,30,40]

C17 Layer Resolution
It denotes the distance between the laser head and extruder

of a 3D printer, and it influences the accuracy of the
manufactured products.

[20,29,34]

C18 Heat deflection temperature It refers to materials’ resistance to distortion under a given
load at an elevated temperature. [2,16,19]

C19 Waste Amount
It denotes the amount of waste materials that cannot be

reused or recycled after each additive
manufacturing process.

[21,29,32]

C20 Energy Consumption It denotes the electric energy required to operate a
3D printer. [21,38]

4.1.4. The Implementation Results of the Suggested Model for Case 1

In this section, the implementation results of the suggested procedure are presented.
In this connection, the criteria were identified by applying the FFD–SWARA and Delphi
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approach and the criteria weights were computed using the FFD–SWARA. Finally, the
alternatives were ranked with the help of the FFD–RAFSI technique. The specialists initially
evaluated the criteria by considering linguistic terms in Table 13. Each expert performed the
linguistic assessment in this connection by considering their own experiences and opinions.

Table 13. Evaluations of the board of experts for the selection criteria.

Code Criteria DM1 DM2 DM3 DM4 DM5

C1 Accuracy EI I EI EI EI
C2 Repeatability EI VI VI VI I
C3 Cost of production EI MI I MI MI
C4 Speed of Production EI MI EI MI I
C5 Quality I EI VI VI EI
C6 Purchasing costs EI MI EI I I
C7 Tensile strength MI MI VI MI VI
C8 Surface Quality MI MI I I EI
C9 Max Build size I VI VI VI VI
C10 Material utilization EI MI MI SI I
C11 After-sales service MI MI VI VI VI
C12 Complexity SI EI VI VI VI
C13 Productivity I I I EI VI
C14 Elongation SI EI VI MI I
C15 Build time SI VI VI SI VI
C16 Material Costs MI EI VI SI SI
C17 Layer Resolution I VI I EU VI
C18 Heat deflection temperature MI MI VI MI I
C19 Waste Amount I MI EI SI EU
C20 Energy Consumption SI MI VI MI EU

The linguistic evaluation matrices were converted to FF numbers, and FF decision
matrices were formed. Next, these matrices were aggregated using the FFDWA aggregating
operator given in Equation (10). In this stage, the weight coefficient value is defined by
each expert. The aggregated vectors for the criteria are given in Table 14.

Table 14. The Aggregated FFNs and relative significance scores of the criteria.

Code Criteria Aggregated FFNs SC*(h̄j
)

Code Criteria Aggregated FFNs SC*(h̄j
)

C1 Accuracy <0.9694, 0.1075> 0.9910 C11 After-sales service <0.7982,0.2338> 0.7520
C2 Repeatability <0.9214, 0.1529> 0.9498 C12 Complexity <0.9196, 0.1537> 0.9478
C3 Cost of production <0.9020, 0.1684> 0.9257 C13 Productivity <0.9126, 0.1611> 0.9392
C4 Speed of Production <0.9436, 0.1348> 0.9724 C14 Elongation <0.9087, 0.1628> 0.9345
C5 Quality <0.9484, 0.1300> 0.9766 C15 Build time <0.7900, 0.2359> 0.7366
C6 Purchasing costs <0.9442, 0.1345> 0.9729 C16 Material Costs <0.9062, 0.1637> 0.9313
C7 Tensile strength <0.7552, 0.2633> 0.6680 C17 Layer Resolution <0.7709, 0.2561> 0.6987

C8 Surface Quality <0.9039, 0.1676> 0.9281 C18 Heat deflection
temperature <0.7059, 0.3073> 0.5695

C9 Max Build size <0.8337, 0.2122> 0.8176 C19 Waste Amount <0.8999, 0.1690> 0.9230
C10 Material utilization <0.9011, 0.1687> 0.9245 C20 Energy Consumption <0.6615, 0.3255> 0.4851

The criteria were sorted by their score value in descending order, and the final criteria
weights, which were computed using Equations (11)–(13), are presented in Table 15.

Corresponding to the results, C1 “Accuracy” is the most influential criterion, and C5
“Quality” and C6 “Purchasing costs” have followed the most significant factor with closer
significance scores. The remaining criteria are ranked as C4 > C2 >C12 > C13 > C14 > C16 >
C8 > C3 > C10 > C19 > C9 > C11 > C15 > C17 > C7 > C18 > C20.The paper’s main finding
concerning C1 is “Accuracy,” which is the most influential criterion, and it confirms the
main findings of the study by Hanon et al. [136]. According to the findings of their study,
the accuracy of three-dimensional (3D) printing is highly significant, as it determines the
machine’s trustworthiness in producing each object in accordance with the expected results.
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Its significance cannot be overlooked because this factor depends entirely on creating a
reliable and well-operated manufacturing system. Manufacturers want to be sure that the
manufactured products are close to the nominal values of the designed model.

Table 15. The final criteria weights were computed using the FFD–SWARA technique.

Criteria Code SC*
(

h̄j

)
ϑj =j γj ωj Rank

Accuracy C1 0.9910 - 1 1 0.05670 1
Quality C5 0.9766 0.0144 1.0144 0.9858 0.05590 2
Purchasing costs C6 0.9729 0.0037 1.0037 0.9822 0.05570 3
Speed of Production C4 0.9724 0.0005 1.0005 0.9817 0.05567 4
Repeatability C2 0.9498 0.0226 1.0226 0.9600 0.05444 5
Complexity C12 0.9478 0.0021 1.0021 0.9581 0.05433 6
Productivity C13 0.9392 0.0086 1.0086 0.9499 0.05387 7
Elongation C14 0.9345 0.0047 1.0047 0.9455 0.05361 8
Material Costs C16 0.9313 0.0031 1.0031 0.9425 0.05344 9
Surface Quality C8 0.9281 0.0032 1.0032 0.9395 0.05327 10
Cost of production C3 0.9257 0.0024 1.0024 0.9372 0.05314 11
Material utilization C10 0.9245 0.0012 1.0012 0.9361 0.05308 12
Waste Amount C19 0.9230 0.0016 1.0016 0.9347 0.05300 13
Max Build size C9 0.8176 0.1054 1.1054 0.8455 0.04795 14
After-sales service C11 0.7520 0.0656 1.0656 0.7935 0.04499 15
Build time C15 0.7366 0.0154 1.0154 0.7815 0.04431 16
Layer Resolution C17 0.6987 0.0379 1.0379 0.7530 0.04270 17
Tensile strength C7 0.6680 0.0308 1.0308 0.7305 0.04142 18
Heat deflection
temperature C18 0.5695 0.0985 1.0985 0.6650 0.03771 19

Energy Consumption C20 0.4851 0.0844 1.0844 0.6133 0.03477 20

On the contrary, in addition to raw materials, semi-finished products, and manufac-
tured products used in the production processes, all things about the production process
may be entirely run to waste when a problem occurs with accuracy. Hence, practitioners
should consider this criterion when decision-makers face decision-making problems in
selecting industrial 3DPs. After the criteria weights were computed using the FFD–SWARA
approach, it was passed to the implementation of the FF–RAFSI approach to calculate the
preference ratings of the alternatives. Decision-makers made linguistic assessments for each
option by considering the linguistic appraisal scale presented in Table 8. These assessments
are demonstrated in Appendix A. The linguistic appraisal matrices were converted to FF
decision matrices, and the FF decision matrix was constructed by aggregating FF matrices
with the help of Equation (10). Table 16 demonstrates the FF decision matrix.

Table 16. The FF-Integrated decision matrix for case study 1.

C1 C2 C3 C4 C5 C6 C7

A1 <0.649, 0.165> <0.353, 0.533> <0.518, 0.314> <0.649, 0.165> <0.694, 0.157> <0.630, 0.164> <0.670, 0.214>
A2 <0.487, 0.380> <0.584, 0.313> <0.545, 0.340> <0.525, 0.369> <0.484, 0.414> <0.756, 0.117> <0.657, 0.227>
A3 <0.600, 0.300> <0.497, 0.390> <0.602, 0.259> <0.561, 0.291> <0.649, 0.165> <0.678, 0.160> <0.525, 0.305>
A4 <0.393, 0.454> <0.295, 0.573> <0.376, 0.526> <0.250, 0.600> <0.557, 0.270> <0.500, 0.319> <0.525, 0.369>
A5 <0.800, 0.100> <0.417, 0.439> <0.668, 0.158> <0.685, 0.210> <0.717, 0.133> <0.716, 0.152> <0.527, 0.346>
A6 <0.250, 0.600> <0.500, 0.400> <0.584, 0.313> <0.548, 0.336> <0.612, 0.271> <0.626, 0.168> <0.610, 0.256>
A7 <0.500, 0.400> <0.449, 0.444> <0.646, 0.229> <0.543, 0.306> <0.547, 0.346> <0.695, 0.135> <0.648, 0.240>

C8 C9 C10 C11 C12 C13 C14

A1 <0.412, 0.445> <0.670, 0.214> <0.571, 0.265> <0.657, 0.227> <0.610, 0.256> <0.455, 0.415> <0.595, 0.260>
A2 <0.616, 0.168> <0.647, 0.231> <0.447, 0.449> <0.564, 0.299> <0.584, 0.313> <0.638, 0.166> <0.618, 0.168>
A3 <0.617, 0.252> <0.529, 0.312> <0.546, 0.299> <0.694, 0.157> <0.594, 0.258> <0.511, 0.379> <0.472, 0.421>
A4 <0.397, 0.480> <0.500, 0.400> <0.500, 0.400> <0.508, 0.371> <0.564, 0.267> <0.525, 0.369> <0.602, 0.169>
A5 <0.525, 0.369> <0.594, 0.261> <0.626, 0.264> <0.589, 0.282> <0.647, 0.231> <0.708, 0.153> <0.618, 0.168>
A6 <0.484, 0.414> <0.506, 0.319> <0.556, 0.334> <0.612, 0.271> <0.728, 0.149> <0.547, 0.346> <0.484, 0.414>
A7 <0.500, 0.400> <0.610, 0.256> <0.500, 0.400> <0.447, 0.449> <0.547, 0.346> <0.467, 0.430> <0.400, 0.500>
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Table 16. Cont.

C15 C16 C17 C18 C19 C20

A1 <0.612, 0.271> <0.710, 0.133> <0.500, 0.319> <0.685, 0.210> <0.685, 0.210> <0.388, 0.496>
A2 <0.408, 0.483> <0.545, 0.305> <0.525, 0.369> <0.511, 0.379> <0.626, 0.264> <0.612, 0.271>
A3 <0.624, 0.250> <0.710, 0.133> <0.589, 0.282> <0.581, 0.263> <0.648, 0.240> <0.484, 0.414>
A4 <0.385, 0.497> <0.472, 0.421> <0.447, 0.429> <0.517, 0.309> <0.525, 0.305> <0.402, 0.464>
A5 <0.553, 0.303> <0.484, 0.414> <0.624, 0.250> <0.341, 0.527> <0.506, 0.319> <0.525, 0.305>
A6 <0.564, 0.299> <0.472, 0.421> <0.525, 0.369> <0.626, 0.264> <0.584, 0.313> <0.500, 0.400>
A7 <0.425, 0.472> <0.472, 0.421> <0.525, 0.369> <0.525, 0.369> <0.463, 0.417> <0.341, 0.527>

The score values of the alternatives regarding each criterion were computed by im-
plementing Equation (5), and the initial decision matrix was formed by considering these
values. Table 17 represents the initial decision matrix.

Table 17. The initial decision matrix based on the score values.

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A1 0.472 0.079 0.255 0.472 0.556 0.437 0.509 0.129 0.509 0.334
A2 0.211 0.353 0.291 0.261 0.206 0.677 0.484 0.413 0.464 0.163
A3 0.380 0.223 0.386 0.318 0.472 0.525 0.264 0.410 0.270 0.295
A4 0.112 0.046 0.096 0.028 0.313 0.230 0.261 0.114 0.226 0.226
A5 0.761 0.134 0.506 0.536 0.601 0.597 0.265 0.261 0.371 0.426
A6 0.028 0.226 0.353 0.296 0.402 0.428 0.399 0.206 0.238 0.308
A7 0.226 0.165 0.463 0.290 0.294 0.558 0.467 0.226 0.399 0.226

C11 C12 C13 C14 C15 C16 C17 C18 C19 C20

A1 0.484 0.399 0.172 0.373 0.402 0.586 0.230 0.536 0.536 0.107
A2 0.322 0.353 0.451 0.415 0.123 0.293 0.261 0.242 0.426 0.402
A3 0.556 0.371 0.242 0.191 0.423 0.586 0.362 0.350 0.467 0.206
A4 0.239 0.323 0.261 0.388 0.104 0.191 0.163 0.253 0.264 0.119
A5 0.362 0.464 0.583 0.415 0.305 0.206 0.423 0.072 0.238 0.264
A6 0.402 0.621 0.294 0.206 0.322 0.191 0.261 0.426 0.353 0.226
A7 0.163 0.294 0.185 0.116 0.140 0.191 0.261 0.261 0.181 0.072

For instance, the FF-integrated value given in Table 16 and the score value shown in
Table 17 for A1-C1 have been identified as follows:

rA1−C1 =
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= 〈0.649, 0.165〉

The score value for A1-C1,

SC∗(∂A1−C1) = (0.649)3
[
1 + 1 ∗

(
1− (0.649)3 − (0.165)3

)]
= 0.472

Ideal and anti-ideal solutions for each criterion (regarding the characteristics of each
criterion) demonstrated in Table 18 have been defined by considering the experts’ evaluations.

Under the assumption that the ideal value is better than the anti-ideal value six times,
pairing functions were formed regarding Equation (15). The standardized decision matrix
has been constructed by considering these functions. Table 19 denotes the standardized
decision matrix.
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Table 18. The ideal and anti-ideal values of decision criteria.

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

Ideal solutions (τI) 0.761 0.353 0.096 0.536 0.601 0.230 0.509 0.413 0.509 0.426
Anti- ideal solutions (τAI) 0.028 0.046 0.506 0.028 0.206 0.677 0.261 0.114 0.226 0.163

Ideal solutions (τI) 0.556 0.294 0.583 0.416 0.104 0.191 0.423 0.536 0.181 0.072
Anti- ideal solutions (τAI) 0.163 0.621 0.172 0.116 0.423 0.586 0.163 0.072 0.536 0.402

Table 19. The standardized decision matrix.

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A1 4.025 1.542 2.937 5.365 5.424 3.316 5.998 1.250 5.998 4.261
A2 2.249 5.998 3.371 3.300 1.001 5.999 5.499 5.998 5.207 1.002
A3 3.398 3.880 4.527 3.859 4.360 4.298 1.057 5.957 1.773 3.509
A4 1.578 1.002 1.001 1.001 2.354 1.001 1.002 1.002 1.002 2.211
A5 5.999 2.433 5.999 5.999 5.999 5.103 1.083 3.468 3.561 5.998
A6 1.001 3.939 4.129 3.638 3.483 3.219 3.788 2.539 1.204 3.758
A7 2.355 2.941 5.468 3.577 2.115 4.665 5.144 2.881 4.062 2.211

C11 C12 C13 C14 C15 C16 C17 C18 C19 C20

A1 5.090 2.612 1.001 5.282 5.669 5.999 2.284 5.999 5.999 1.527
A2 3.026 1.900 4.385 5.998 1.303 2.290 2.891 2.838 4.447 5.998
A3 5.999 2.175 1.853 2.260 5.998 5.999 4.830 3.996 5.023 3.030
A4 1.969 1.443 2.084 5.541 1.002 1.001 1.002 2.950 2.173 1.715
A5 3.541 3.600 5.999 5.998 4.151 1.186 5.998 1.001 1.802 3.911
A6 4.047 5.998 2.481 2.504 4.412 1.001 2.891 4.812 3.421 3.339
A7 1.001 1.002 1.152 1.002 1.559 1.001 2.891 3.042 1.001 1.002

The arithmetic and geometric mean values were computed by applying Equations (17)
and (18), respectively, and the normalized decision matrix was generated with the help of
Equation (19). The normalized decision matrix is presented in Table 20.

Table 20. The normalized decision matrix.

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A1 0.575 0.220 0.292 0.766 0.775 0.258 0.857 0.179 0.857 0.609
A2 0.321 0.857 0.254 0.471 0.143 0.143 0.786 0.857 0.744 0.143
A3 0.485 0.554 0.189 0.551 0.623 0.199 0.151 0.851 0.253 0.501
A4 0.225 0.143 0.856 0.143 0.336 0.856 0.143 0.143 0.143 0.316
A5 0.857 0.348 0.143 0.857 0.857 0.168 0.155 0.495 0.509 0.857
A6 0.143 0.563 0.208 0.520 0.498 0.266 0.541 0.363 0.172 0.537
A7 0.336 0.420 0.157 0.511 0.302 0.184 0.735 0.412 0.580 0.316

C11 C12 C13 C14 C15 C16 C17 C18 C19 C20

A1 0.727 0.328 0.143 0.755 0.151 0.143 0.326 0.857 0.143 0.561
A2 0.432 0.451 0.626 0.857 0.658 0.374 0.413 0.405 0.193 0.143
A3 0.857 0.394 0.265 0.323 0.143 0.143 0.690 0.571 0.171 0.283
A4 0.281 0.594 0.298 0.792 0.856 0.856 0.143 0.421 0.394 0.500
A5 0.506 0.238 0.857 0.857 0.206 0.722 0.857 0.143 0.476 0.219
A6 0.578 0.143 0.354 0.358 0.194 0.856 0.413 0.687 0.251 0.257
A7 0.143 0.856 0.165 0.143 0.550 0.856 0.413 0.435 0.856 0.856

The criteria function Ui for each alternative was computed by considering the criteria
weights. In Table 21, the results are presented.
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Table 21. The results of the FFD–RAFSI approach for case study 1.

Alternative Code Ui Rank

Binder jetting A1 0.465 2
Directed Energy Deposition A2 0.463 3
Powder Bed Fusion A3 0.410 6
Sheet Lamination A4 0.425 5
Material Extrusion A5 0.533 1
Material Jetting A6 0.392 7
Vat Photo Polymerization A7 0.452 4

According to Table 21, A5, “Material Extrusion” is the best option for the automotive
industry, and the remaining alternatives are ranked as A1 > A2 > A7 > A4 > A3 > A6.
Material extrusion technology is the most trustworthy and economical type of additive
manufacturing [122]. Although it is a technology that has been used for producing quick
prototypes in various industries since it emerged, it has also become revolutionary manu-
facturing technology for many industries, e.g., health, car manufacturing, aerospace, and
textile and apparel [137]. Furthermore, it enables diverse components composed of plastic,
food, polymers, and so on and helps lower production costs [138]. In addition, it heats the
materials instead of melting them to soften them [139]. Hence, it does not lead to chemical
and physical deterioration of the materials used to produce auto parts. Moreover, it leads
to reduced energy consumption based on its ability.

4.1.5. The Implementation Results of the Suggested Model for Case 2

This section presents the assessment results for the 3DP alternatives produced using
the material extrusion technology identified as the best 3DPT alternative. In this stage,
11 alternatives have been determined according to the outcomes of the extensive fieldwork
performed with the experts. These alternatives are presented in Table 22.

Table 22. The 3DP alternatives are in the material extrusion technology group.

Code Alternatives Code Alternatives

A1 Stratasys F900 A7 WASP 4070 Tech
A2 Essentium HSE 280i HT A8 Cincinnati MAAM
A3 CreatBot PEEK-300 A9 Tractus 3D T850P
A4 Anisoprint ProM IS 500 A10 AON-M2+
A5 3DGence F420 A11 Kumovis R1
A6 Roboze Argo 500

The experts evaluated the 11 alternatives produced based on the material extrusion
technology by considering the criteria identified in the first case study. The FF decision
matrices were formed by associating the linguistic appraisals performed by specialists with
FF numbers. The generated matrices were aggregated using Equation (10). The aggregated
matrices are presented in Table 23, and the aggregated FF decision matrix is demonstrated
in Table 24.

Using Equation (5), score values were calculated, and the initial decision matrix for
case study 2 was generated, as shown in Table 24.

For the second case study, ideal and anti-ideal solutions defined regarding experts’
opinions using Equation (14) are presented in Table 25.
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Table 23. The FF-Integrated decision matrix for case study 2.

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A1 <0.214,
0.670>

<0.438,
0.447>

<0.600,
0.300>

<0.800,
0.100>

<0.819,
0.107>

<0.779,
0.107>

<0.626,
0.264>

<0.870,
0.107>

<0.889,
0.100>

<0.857,
0.100>

A2 <0.464,
0.400>

<0.525,
0.369>

<0.857,
0.100>

<0.889,
0.100>

<0.875,
0.100>

<0.600,
0.300>

<0.883,
0.107>

<0.752,
0.118>

<0.779,
0.107>

<0.824,
0.107>

A3 <0.498,
0.388>

<0.584,
0.313>

<0.250,
0.600>

<0.547,
0.346>

<0.779,
0.107>

<0.670,
0.163>

<0.600,
0.300>

<0.740,
0.130>

<0.600,
0.300>

<0.786,
0.107>

A4 <0.524,
0.361>

<0.447,
0.449>

<0.425,
0.472>

<0.717,
0.133>

<0.670,
0.163>

<0.500,
0.400>

<0.668,
0.223>

<0.729,
0.131>

<0.761,
0.117>

<0.800,
0.100>

A5 <0.500,
0.400>

<0.779,
0.107>

<0.670,
0.163>

<0.547,
0.346>

<0.600,
0.300>

<0.600,
0.300>

<0.584,
0.313>

<0.717,
0.133>

<0.600,
0.300>

<0.761,
0.117>

A6 <0.430,
0.465>

<0.547,
0.346>

<0.866,
0.108>

<0.584,
0.313>

<0.867,
0.107>

<0.779,
0.107>

<0.670,
0.163>

<0.600,
0.300>

<0.779,
0.107>

<0.900,
0.100>

A7 <0.100,
0.900>

<0.584,
0.313>

<0.400,
0.500>

<0.500,
0.400>

<0.500,
0.400>

<0.779,
0.107>

<0.648,
0.240>

<0.889,
0.100>

<0.761,
0.117>

<0.717,
0.133>

A8 <0.752,
0.118>

<0.741,
0.118>

<0.866,
0.108>

<0.800,
0.100>

<0.866,
0.108>

<0.889,
0.100>

<0.862,
0.117>

<0.600,
0.300>

<0.779,
0.107>

<0.889,
0.100>

A9 <0.425,
0.472>

<0.626,
0.168>

<0.250,
0.600>

<0.547,
0.346>

<0.600,
0.300>

<0.600,
0.300>

<0.756,
0.163>

<0.752,
0.118>

<0.751,
0.128>

<0.729,
0.131>

A10 <0.600,
0.300>

<0.600,
0.300>

<0.889,
0.100>

<0.600,
0.300>

<0.775,
0.108>

<0.670,
0.163>

<0.821,
0.133>

<0.600,
0.300>

<0.626,
0.264>

<0.779,
0.107>

A11 <0.467,
0.430>

<0.695,
0.135>

<0.670,
0.163>

<0.547,
0.346>

<0.800,
0.100>

<0.584,
0.313>

<0.717,
0.133>

<0.752,
0.118>

<0.779,
0.107>

<0.800,
0.100>

C11 C12 C13 C14 C15 C16 C17 C18 C19 C20

A1 <0.889,
0.100>

<0.500,
0.400>

<0.500,
0.400>

<0.889,
0.100>

<0.800,
0.100>

<0.800,
0.100>

<0.600,
0.300>

<0.800,
0.100>

<0.779,
0.107>

<0.700,
0.200>

A2 <0.786,
0.107>

<0.564,
0.299>

<0.564,
0.299>

<0.761,
0.117>

<0.889,
0.100>

<0.889,
0.100>

<0.584,
0.313>

<0.889,
0.100>

<0.889,
0.100>

<0.668,
0.223>

A3 <0.770,
0.115>

<0.752,
0.118>

<0.752,
0.118>

<0.779,
0.107>

<0.834,
0.100>

<0.600,
0.300>

<0.889,
0.100>

<0.598,
0.279>

<0.600,
0.300>

<0.740,
0.130>

A4 <0.626,
0.264>

<0.626,
0.264>

<0.626,
0.264>

<0.843,
0.115>

<0.500,
0.400>

<0.584,
0.313>

<0.752,
0.118>

<0.624,
0.250>

<0.889,
0.100>

<0.800,
0.100>

A5 <0.786,
0.107>

<0.779,
0.107>

<0.779,
0.107>

<0.801,
0.128>

<0.728,
0.149>

<0.600,
0.300>

<0.729,
0.131>

<0.610,
0.256>

<0.779,
0.107>

<0.889,
0.100>

A6 <0.751,
0.128>

<0.600,
0.300>

<0.600,
0.300>

<0.740,
0.130>

<0.610,
0.256>

<0.547,
0.346>

<0.600,
0.300>

<0.600,
0.300>

<0.889,
0.100>

<0.834,
0.100>

A7 <0.600,
0.300>

<0.752,
0.118>

<0.752,
0.118>

<0.837,
0.117>

<0.567,
0.327>

<0.626,
0.264>

<0.564,
0.299>

<0.547,
0.346>

<0.761,
0.117>

<0.779,
0.107>

A8 <0.800,
0.100>

<0.900,
0.100>

<0.900,
0.100>

<0.831,
0.118>

<0.648,
0.240>

<0.547,
0.346>

<0.626,
0.264>

<0.889,
0.100>

<0.875,
0.100>

<0.800,
0.100>

A9 <0.668,
0.223>

<0.600,
0.300>

<0.600,
0.300>

<0.729,
0.131>

<0.600,
0.300>

<0.582,
0.288>

<0.761,
0.117>

<0.500,
0.400>

<0.889,
0.100>

<0.817,
0.108>

A10 <0.626,
0.264>

<0.670,
0.163>

<0.670,
0.163>

<0.703,
0.134>

<0.700,
0.200>

<0.547,
0.346>

<0.500,
0.400>

<0.637,
0.245>

<0.860,
0.117>

<0.857,
0.100>

A11 <0.786,
0.107>

<0.626,
0.264>

<0.626,
0.264>

<0.747,
0.118>

<0.728,
0.149>

<0.600,
0.300>

<0.752,
0.118>

<0.600,
0.300>

<0.870,
0.107>

<0.800,
0.100>

The standardized and normalized decision matrices were formed using Equations
(15)–(20), respectively, as also implemented in the first case study. Then, the criterion
functions (Ui) for each alternative were computed by applying Equation (21). Table 26
demonstrates the ranking performance of the 3D printer alternatives.
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Table 24. The aggregated FF decision matrices for case study 2.

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A1 0.017 0.154 0.380 0.761 0.797 0.721 0.426 0.883 0.911 0.863
A2 0.183 0.261 0.863 0.911 0.891 0.380 0.902 0.669 0.721 0.806
A3 0.225 0.353 0.028 0.294 0.721 0.510 0.380 0.646 0.380 0.735
A4 0.260 0.163 0.140 0.601 0.510 0.226 0.503 0.625 0.687 0.761
A5 0.226 0.721 0.510 0.294 0.380 0.380 0.353 0.601 0.380 0.687
A6 0.144 0.294 0.876 0.353 0.879 0.721 0.510 0.380 0.721 0.926
A7 0.001 0.353 0.116 0.226 0.226 0.721 0.467 0.911 0.687 0.601
A8 0.669 0.648 0.876 0.761 0.876 0.911 0.869 0.380 0.721 0.911
A9 0.140 0.428 0.028 0.294 0.380 0.380 0.675 0.669 0.666 0.625
A10 0.380 0.380 0.911 0.380 0.713 0.510 0.800 0.380 0.426 0.721
A11 0.185 0.558 0.510 0.294 0.761 0.353 0.601 0.669 0.721 0.761

C11 C12 C13 C14 C15 C16 C17 C18 C19 C20

A1 0.911 0.226 0.116 0.911 0.761 0.761 0.380 0.761 0.721 0.566
A2 0.735 0.322 0.006 0.687 0.911 0.911 0.353 0.911 0.911 0.503
A3 0.703 0.669 0.178 0.721 0.822 0.380 0.911 0.377 0.380 0.646
A4 0.426 0.426 0.017 0.838 0.226 0.353 0.669 0.423 0.911 0.761
A5 0.735 0.721 0.097 0.764 0.621 0.380 0.625 0.399 0.721 0.911
A6 0.666 0.380 0.183 0.646 0.399 0.294 0.380 0.380 0.911 0.822
A7 0.380 0.669 0.375 0.828 0.324 0.426 0.322 0.294 0.687 0.721
A8 0.761 0.926 0.911 0.817 0.467 0.294 0.426 0.911 0.891 0.761
A9 0.503 0.380 0.001 0.625 0.380 0.350 0.687 0.226 0.911 0.792
A10 0.426 0.510 0.001 0.573 0.566 0.294 0.226 0.446 0.866 0.863
A11 0.735 0.426 0.011 0.659 0.621 0.380 0.669 0.380 0.883 0.761

Table 25. The ideal and anti-ideal solutions for case study 2.

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

Ideal solutions (τI) 0.669 0.721 0.028 0.911 0.891 0.226 0.902 0.911 0.911 0.926
Anti- ideal solutions (τAI) 0.001 0.154 0.911 0.226 0.226 0.911 0.353 0.379 0.379 0.601

Ideal solutions (τI) 0.911 0.226 0.911 0.911 0.226 0.294 0.911 0.911 0.379 0.503
Anti- ideal solutions (τAI) 0.379 0.926 0.001 0.573 0.911 0.911 0.226 0.226 0.911 0.911

Table 26. The results of the FFD–RAFSI approach for case study 2.

Alternative Code Ui Rank Alternative Code Ui Rank

Stratasys F900 A1 0.4843 2 WASP 4070 Tech A7 0.3384 10
Essentium HSE 280i HT A2 0.4639 3 Cincinnati MAAM A8 0.5466 1
CreatBot PEEK-300 A3 0.4329 5 Tractus 3D T850P A9 0.3804 8
Anisoprint ProM IS 500 A4 0.4518 4 AON-M2+ A10 0.3310 11
3DGence F420 A5 0.3539 9 Kumovis R1 A11 0.4083 6
Roboze Argo 500 A6 0.3891 7

When the results are evaluated, A8 is the best alternative. It is a good and logical
selection, as it meets the requirements of automotive manufacturing companies concern-
ing 3DPs on a vast scale. Despite the logical purchasing price of the alternative, it pro-
vides a high production speed (500 mm/s). Also, it can produce higher-sized products
(1050 × 1015 × 1015 mm) than the others. Its superiority over other alternatives concerning
these criteria makes the preference for this option more rational. The remaining alternatives
were ranked as A1 > A2 > A4 > A3 > A11 > A6 > A9 > A5 > A7 > A10.

4.1.6. Robustness Test

Here, an extensive validation test with three phases was conducted to check the
robustness of the recommended decision model.
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Phase 1. Examining the impacts of modifications of the criteria weights on the ranking
performance of the options:

In this phase, the consistency of the model by changing each criterion’s weights was
tested. In these circumstances, we identified 200 scenarios. In each scenario, the criterion’s
weight was reduced by 10% and was continued till the criterion weight was equal to zero.
The difference value was added to the other criteria equally to ensure that the sum of the
criteria’ weights should equal 1 in each scenario. This approach was executed for both
3DPT selection and 3DP selection. Eventually, 200 different scenarios were formed for both.

Many previous studies that proposed to change the criteria weights in the first three
ranks have been criticized, as these approaches can provide limited information on the
stability of the suggested decision-making approach. Moreover, we preferred to follow the
approach introduced by Görçün et al. [140]. The mathematical expressions of suggested
mathematical expressions are given in Equations (23)–(25) [140].

w1
f v = w1

pv −
(

w1
pv.mv

)
(23)

w2
nv =

(
1− w1

f v

)
n− 1

+ w2
pv (24)

w1
f v + ∑ w2

nv = 1 (25)

Here w1
f v demonstrates the last coefficient of the changed weight of jth criterion, w1

pv
which denotes the previous coefficient of the criterion, mv is the degree of modification in
terms of percentage (i.e., 10%, 20%, . . ., 100%). Also, w2

nv is the new coefficient of remaining
factors, the number of factors, and the preceding value of the remainders.

We examined the impacts of changing the criteria weights on the ranking results for
both case studies by following the basic procedure of the suggested framework. For the
first case study, the acquired outcomes are satisfactory. Despite excessive modification
performed in the weight coefficients, the ranking position of the best alternative has not
changed for all scenarios. Although slight changes in the ranks of the remaining alterna-
tives have been observed, these changes are not critical and cannot affect the overall results.
Furthermore, changes occurred when the criteria weights were changed by over 50% in
many scenarios. Moreover, some criteria, such as C3, C4, C9, and C11, can be accepted as
more critical than others, as they have led to changes in the rank of some alternatives. Fi-
nally, the average similarity coefficient of the results in two hundred scenarios is computed
as 77.36%. Table 27 illustrates the percentage values of the modification in the weights of
any criterion leading to changes in the rank of the alternatives.

Table 27. The percentage values of the modification leading to changes for the first case study.

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 C15 C16 C17 C18 C19 C20

Percent values (over) of the criterion weight modification leading to change (%)

A1 20 10 40 40 20 - - - 50 - - - 10 - 50 20 - - 90 * 20
A2 20 10 40 40 20 50 - 50 30 - 50 - 10 - 50 20 - - 90 20
A3 - - 40 40 - - - - 60 40 70 50 - - - - 50 - - -
A4 - - - - - 60 - - 60 40 - 50 - - - - - - - -
A5 - - - - - - - - - - - - - - - - - - - -
A6 - - - - - - - - - - 70 90 - - - - - - - -
A7 - 60 - - 90 50 - 50 30 - 50 - 90 - - 60 - - - 90

* For instance, when the weight of the C19 is reduced by over 90%, A1 and A2 alternatives’ ranks are changed.

For the second case study, we followed the same algorithm given above. The acquired
analysis results are also better than the results for the first case study. The best option
has also remained in the same rank for all scenarios, and the impacts of the modification
in the criteria weights on the ranking results are lesser for the remaining alternatives.
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Accordingly, the average similarity coefficient has been computed as 89.05%. It is better
than the coefficient identified for the first case study. In addition, when the criteria weights
were modified by over 70%, these changes occurred in many scenarios. However, these
changes are not critical and cannot change the overall results. According to analysis results,
C12 and C16 have caused a change in the rank of many options. Thus, these criteria can be
accepted as critical. Table 28 shows the percent values of the modification in the weights of
any criterion leading to changes in the rank of the alternatives.

Table 28. The percentage values of the modification leading to changes for the first case study.

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 C15 C16 C17 C18 C19 C20

Percent values (over) of the criterion weight modification leading to change (%)

A1 - - - - - - - - 80 - - - - - - - - - - -
A2 - 70 - - 80 - - - 80 - - - - - - 70 - - 60 * 70
A3 - - 60 60 90 - - - - - - 80 - 70 90 - 70 - - -
A4 - 70 60 60 80 - - - - - - - - - 90 70 70 - 60 70
A5 - - - - 70 - - - - - 80 - - - 80 - - - -
A6 - 30 - - - - - - - 60 90 30 - - 90 - - - -
A7 - - - - - 70 - - 30 - - 40 - - 50 80 70 - - -
A8 - - - - - - - - - - - - - - - - - - -
A9 - 30 - - - - - - - 60 - 80 30 - - 80 - - - -
A10 - - - - - 90 50 30 - 20 40 - - 50 - 70 - - -
A11 - - - - - - - - - - - 80 - 70 - - - - - -

* For instance, when the weight of the C19 is reduced by over 90%, A1 and A2 alternatives’ ranks are changed.

As understood from both tables, the analysis results confirm the robustness and
stability of the proposed approach. The obtained re-ranking results for the first case study
(3DPTs) and the second case study (3DPs) are illustrated in Figure 4a,b.
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Phase 2. Examination of the impacts of changes in the experts’ weights on the ranking
results:
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By following the same procedure applied in the previous phase, we examined the
impacts of modifications in the experts’ weights on the ranking results. Similarly, we
performed this investigation for both case studies. For the first case study, the ranking
position of the best option changed in scenarios 9, 10, 19, and 20 when the weights of
DM1 and DM2 were changed excessively over 90%. However, these modifications are not
reasonable and cannot be encountered in real life because practitioners with low weights
are not included in an assessment process, as the weight of an expert is also an indicator of
the expert’s experiences and knowledge. The impacts of the modifications in the experts’
weights on the ranking results are demonstrated in Table 29.

Table 29. The percent values of the modification in experts’ weights leading to changes for the first
case study.

EXPERT1 * EXPERT2 EXPERT3 EXPERT4 EXPERT5

Percent values (over) of the experts’ weight modification leading to change (%)

A1 20 10 40 40 20
A2 20 10 40 40 20
A3 - - 40 40 -
A4 - - - - -
A5 - - - - -
A6 - - - - -
A7 - 60 - - 90

* For instance, when the weight of the EXPERT1 is reduced by over 90%, A1 alternative rank is changed.

After the assessment, the average similarity coefficient has been computed as 76.00%,
which can be accepted as satisfactory to prove the model’s stability and consistency. In
the next step, we changed the experts’ weights to check the robustness of the second case
study’s results. The ranking performance of the A8, the best alternative, has not changed
for all scenarios. Moreover, there are no changes in the ranks of some options, such as
A1, A3, A5, and A11. For the remaining alternatives, slight and uncritical changes in their
ranking performances have been noticed, as presented in Table 30.

Table 30. The percentage values of the modification in experts’ weights led to changes in the second
case study.

EXPERT1 * EXPERT2 EXPERT3 EXPERT4 EXPERT5

Percent values (over) of the experts’ weight modification leading to change (%)

A1 - - - -
A2 - - - 80 * -
A3 - - -
A4 - - - 80 -
A5 - - - - -
A6 60 - 40 - 70
A7 - - - - -
A8 - - - -
A9 - - - - 70
A10 60 - 40 - -
A11 - - - - -

* For instance, when the weight of the EXPERT1 is reduced by over 90%, A1 alternative rank is changed.

Phase 3. Examining the impacts of changes in the β parameter of the Dombi operator
on the ranking results:

In this section, the impacts of modifications in the β parameter of the Dombi operator
on the ranking results were examined. In this connection, the value of the β parameter has
been increased by adding 1 in each scenario, keeping fixed the experts’ weights and the
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criteria weights computed by applying the FFD–SWARA technique. The results obtained
from the attempts performed under these conditions are illustrated in Figure 5a,b.
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For case study 1, When the results are evaluated by considering Figure 5a,b, the
A5 option remains the same rank and has been identified as the best option despite all
modifications performed in the β parameter. Similarly, A1 has also kept the same rank
for all diverse values of the parameter β. It has been noticed that there are some slight
changes in the ranks of the remaining alternatives. Next, the impacts of the parameter β
were examined for case study 2. The results obtained from the attempts performed under
these conditions are illustrated in Figure 6a,b.

Similarly, when the results demonstrated in Figure 6a,b are evaluated, A8, the best
option, and A10, the worst alternative, remain in the same ranks for all scenarios. Also, the
alternatives A1, A3, A5, A7, and A11 have kept their ranking positions. Some slight changes
in the remaining alternatives’ ranks have been noted based on the modifications in the
parameter β. When the outcomes are evaluated in general, the best options identified for
both case studies have not been influenced by the parameter β modifications and remained
the best alternatives.
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Phase 4. Comparative analysis:
In this part, diverse popular decision-making frameworks for each case study were

implemented, and the outcomes of these approaches were compared. In this connection,
the ranking results of the applied methodological frameworks, such as FF-WASPAS [93],
FF-ARAS [100], FF-MAIRCA [141], and FF-SAW [97] for case study 1 are demonstrated in
Tables 31 and 32 for the case study 2.
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Table 31. Ranking the alternatives for applied diverse MCDM frameworks for the case study I.

Proposed
Model

FF-WASPAS
[93] FF-ARAS [97] FF-MAIRCA

[127] FF-SAW [97]

A1 2 2 2 2 2
A2 3 3 3 3 3
A3 6 4 4 4 4
A4 5 6 7 7 7
A5 1 1 1 1 1
A6 7 7 6 5 6
A7 4 5 5 6 5

Table 32. Ranking the alternatives for applied diverse MCDM frameworks for the case study I.

Proposed
Model

FF-WASPAS
[93] FF-ARAS [97] FF-MAIRCA

[127] FF-SAW [97]

A1 2 2 2 3 2
A2 3 3 3 2 3
A3 5 4 4 5 4
A4 4 5 7 6 7
A5 9 8 9 9 9
A6 7 7 6 7 6
A7 10 10 8 10 8
A8 1 1 1 1 1
A9 8 9 10 8 10
A10 11 11 11 11 11
A11 6 6 5 4 5

As illustrated in Table 31, A5, the best alternative is also the most proper choice for the
outcomes of all implemented decision-making tools. Although A1 and A2 have remained
in the same ranks for all procedures, the ranking position of A6, the worst alternative, has
shown changes in all applied frameworks except for FF-WASPAS. The average correlation
coefficient between the results of the suggested model and other employed tools has been
computed as 0.812.

According to the comparison results performed for case study 2, A8, the best choice,
has also been identified as the most appropriate option for all implemented approaches.
Similarly, A10, the worst alternative, has remained in the same rank for all MCDM tools.
Although there are some slight changes in the remaining alternatives’ ranks, pointing
out the same alternatives as the best and worst by each popular framework used in the
current work supports the main outcomes of the suggested model. The average correlation
coefficient between the results was calculated as 0.957 by applying Spearman’s correlation
(SSC) analysis technique. The comparison among the applied frameworks concerning their
features is presented in Table 33.

Table 33. Ranking the alternatives for applied diverse MCDM frameworks for the case study I.

Features Proposed Model FF-WASPAS
[93]

FF-ARAS
[97]

FF-MAIRCA
[127]

FF-SAW
[97]

Weighting method SWARA ** SMART ** Unknown FUCOM ** Unknown
Time for implementation Short Short Unknown Long Unknown
Considering DMs’ weights Yes No No Yes No
Resilience to rank reversal High Moderate Moderate Moderate Moderate
Flexibility High Moderate Moderate High Moderate
Aggregating operator Dombi FFWA ** FFWA ** Dombi FFWA **

** FFWA: Fermatean Fuzzy Weighted Averaging Operator; SMART: Simple Multi-Attribute Rating Technique,
FUCOM: Full Consistency Method, SWARA: Stepwise Weight Assessment Ratio Analysis.
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Phase 5. Testing the suggested model’s resistance to the rank-reversal problem:
In this phase, the suggested FFD–SWARA and FFD–RAFSI integrated decision model

was tested concerning the model’s resilience to the rank-reversal problem. In this connec-
tion, scenarios were formed by considering the number of alternatives for each case study.
The worst option was removed in each scenario, and computations were repeated for the
remaining alternatives. The acquired outcomes are illustrated in Table 34 for case study I
and exhibited in Table 35 for case study II.

Table 34. The results for the resilience of the model to rank reversal for case study I.

Original Scenario-1 Scenario-2 Scenario-3 Scenario-4 Scenario-5 Scenario-6

Ui Rank Ui Rank Ui Rank Ui Rank Ui Rank Ui Rank Ui Rank

A1 0.4653 2 0.4567 2 0.4622 2 0.5039 2 0.4851 2 0.4068 2 - -
A2 0.4629 3 0.4515 3 0.4539 3 0.4396 3 0.4550 3 - - - -
A3 0.4101 6 0.4002 6 - - - - - - - - - -
A4 0.4251 5 0.4133 5 0.4146 5 - - - - - - - -
A5 0.5331 1 0.5279 1 0.5311 1 0.5106 1 0.5264 1 0.5922 1 0.4110 1
A6 0.3920 7 - - - - - - - - - - - -
A7 0.4515 4 0.4476 4 0.4470 4 0.4094 4 - - - - - -

Table 35. The results for the resilience of the model to rank reversal for case study 2.

Original Scenario-1 Scenario-2 Scenario-3 Scenario-4 Scenario-5 Scenario-6

Ui Rank Ui Rank Ui Rank Ui Rank Ui Rank Ui Rank Ui Rank

A1 0.4843 2 0.4801 2 0.4764 2 0.4733 2 0.4644 2 0.4649 2 0.4649 2
A2 0.4639 3 0.4551 3 0.4518 3 0.4529 3 0.4415 3 0.4411 3 0.4369 3
A3 0.4329 5 0.4290 5 0.4195 5 0.4185 5 0.3919 5 0.3893 5 0.3856 5
A4 0.4518 4 0.4481 4 0.4347 4 0.4324 4 0.4039 4 0.4029 4 0.4015 4
A5 0.3539 9 0.3485 9 0.3316 9 - - - - - - - -
A6 0.3891 7 0.3795 7 0.3721 7 0.3713 7 0.3620 7 - - - -
A7 0.3384 10 0.3320 10 - - - - - - - - - -
A8 0.5466 1 0.5409 1 0.5373 1 0.5410 1 0.5385 1 0.5399 1 0.5381 1
A9 0.3804 8 0.3729 8 0.3544 8 0.3554 8 - - - - - -
A10 0.3310 11 - - - - - - - - - - - -
A11 0.4083 6 0.4010 6 0.3920 6 0.3940 6 0.3698 6 0.3675 6 - -

Scenario-7 Scenario-8 Scenario-9 Scenario-10

Ui Rank Ui Rank Ui Rank Ui Rank

A1 0.4884 2 0.4528 2 0.4845 2 - -
A2 0.4160 3 0.4044 3 - - - -
A3 0.3830 4 - - - - - -
A4 - - - - - - - -
A5 - - - - - - - -
A6 - - - - - - - -
A7 - - - - - - - -
A8 0.5151 1 0.5149 1 0.5150 1 0.4110 1
A9 - - - - - - - -
A10 - - - - - - - -
A11 - - - - - - - -

As understood from Tables 34 and 35, the proposed model is fully resistant to the
rank-reversal problem, as the ranking results of the alternatives in each scenario have not
changed for both case studies. Consequently, the ranking performances of alternatives
have not been changed, and A5 “Material Extrusion technology has remained in the same
rank for all scenarios. Also, the ranking position of the best 3DP option has never changed
for any scenario. The results obtained confirm that the suggested FFD–SWARA and FFD–
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RAFSI approaches are fully reliable decision-making tools that cannot be affected by the
rank-reversal problem. Eventually, it presents a reasonable and logical decision-making
environment for the practitioners, as they can be sure about the reliability of the results
obtained using the suggested model.

5. Results and Discussions

AM is a promising production system with many advantages compared to traditional
subtractive manufacturing systems [142]. However, industries still do not dare to trans-
form their production systems because these kinds of decisions are extremely risky and
irreversible. Hence, they are concerned about what would happen if anything went wrong.
The main reasons for that are a lack of data and insufficient information about this issue.
Available information about AM and 3DPs produced in the literature is insufficient to
encourage the industry decision-makers about this transformation process. Thus, it is
necessary to do much more research to fill the gaps in the literature.

When a broad literature review was performed, we noted significant and severe gaps in
the literature. First, A major part of the studies examining the selection of three-dimensional
printers did not focus on any industries’ requirements that are related to 3DPs utilization.
Consequently, the studies evaluated the selection of 3DPs without considering an industry’s
requirements concerning employing 3DPs in manufacturing. However, 3DPs are produced
to meet the diverse, special, and different requirements of the last users regarding both
industrial and individual usage. For instance, while the automotive industry needs 3DPs,
which can be used to produce large-sized auto parts at a higher accuracy level in mass
production processes, the medical and health industry requires 3DPs, which can produce
at the highest accuracy instead of mass production. Consequently, studies in the relevant
literature did not consider the special requirements of diverse industries aside from the
different abilities and features of the 3DPs. Second, 3DPs are produced based on diverse
three-dimension printer technologies, such as Binder Jetting, Powder Bed Fusion, Material
Extrusion, Material Jetting, etc.; each 3DP technology has diverse abilities and features and
meets the different requirements of the last users. In this connection, the earlier studies
assessed the 3DPs without considering the 3DP technologies and their different features.
Therefore, after the 3DP technology, which can meet the requirements of any industry, is
identified, evaluating the alternatives produced with this 3DP technology may be more
logical and reasonable.

Many studies in the relevant literature evaluated personal 3DP alternatives. Moreover,
these papers do not provide sufficient information about industrial 3DPs for industry
practitioners, as these printers can be used for individual requirements such as hobbies
and prototyping instead of mass production. The second gap is relevant to methodological
frames applied in the preceding studies. The author (s) preferred using traditional decision-
making approaches such as AHP, TOPSIS, PROMETHEE, VIKOR, and ELECTREE. Aside
from structural problems and drawbacks, these approaches may overlook the numerous
complicated uncertainties in an assessment process for selecting the best and proper 3DPTs
and 3DPs.

Furthermore, there are many unpredictable uncertainties in addition to predictable
ambiguities. Therefore, classical fuzzy theory cannot overcome these kinds of uncertain-
ties. Thus, a robust, effective, applicable, and reliable decision tool is required to handle
predictable and unpredictable uncertainties to solve highly complicated decision-making
problems faced in AM.

By keeping these requirements and motivations of the industry in mind, the present
study suggests a novel decision-making model by extending the SWARA and RAFSI
combination based on the Fermatean fuzzy sets. The suggested model has numerous
helpful conceptual contributions to the literature. These contributions can be outlined
as follows.

• The suggested integrated model associates the precious advantages of the SWARA
approach, the RAFSI technique, and the Fermatean fuzzy sets. Therefore, the suggested
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model is a robust and efficient decision-making tool that can handle excessively
complicated uncertainties.

• The SWARA approach, which is part of the suggested hybrid model and employed to
identify the weights of the criteria, has many precious advantages. It provides an op-
portunity to compute the criteria weights more logically and reasonably. Correspond-
ingly, the SWARA approach considers practitioners’ priorities and the requirements of
the relevant organization while a decision-making problem is addressed [66]. Thus, it
can produce models based on situations, priorities, and degrees of significance [143].
In addition, practitioners can leave irrelevant and unimportant criteria and factors
out of the assessment, and it allows them to complete the assessment process quickly.
Also, it requires fewer pairwise comparisons and computations than some traditional
weighting approaches, such as AHP and ANP. Hence, the SWARA technique has a
more understandable procedure [118]. This advantage of the approach makes its basic
algorithm more practical and applicable. In addition, it provides an opportunity to
crisply evaluate the relative significance of the criteria [130].

• The implementation of the RAFSI approach used to identify the preference ratings of
the alternatives is very simple [120] and has an understandable algorithm. It presents
an excellent normalization technique that objectively converts information in the
decision matrix to processable data [70]. Moreover, it is maximally resistant to the
rank-reversal problem, which is accepted as a critical structural problem of different
decision-making approaches [70,120]. Based on its advantages, the RAFSI technique
presents a trustworthy decision-making framework at the level of excellence to the
decision-makers, and it gives results to the practitioners trying to solve highly complex
decision-making problems at a higher level of accuracy.

• The Fermatean fuzzy sets have critical and significant advantages compared to other
fuzzy sets. In particular, the sum of cubes of membership and non-membership func-
tions takes a value of less than 1 [121], and there is a relationship between membership
and non-membership of an element [144], and FFs consider this relationship more
than other fuzzy sets differently. Thanks to this advantage provided by its structural
feature, decision-makers can assign membership and non-membership values from
a wider domain [121]. Correspondingly, FFs can overcome uncertainties better than
other fuzzy sets, which are highly complicated. Furthermore, its ability to capture
more ambiguities [123] and process complex and indeterminate information provide
advantages to solving highly complex decision-making problems.

In addition to its conceptual contributions, the present paper has many precise man-
agerial findings. These implications can be summarized as:

• It presents a novel set of criteria determined by executing extensive fieldwork with
broadly skilled experts with vast knowledge of AI and digital transformation and
a detailed literature review. Executives can consider these criteria when they face
a decision-making problem on 3DP selection in AM. Moreover, they may inspire
researchers to conduct further studies on this subject.

• Aside from practitioners in the field of AM, designers and engineers in the 3DP
manufacturing industry can consider the paper’s findings and use them as a guide to
improve their products and technologies. They can focus on more influential criteria to
generate a well-designed production system providing more rational resource utilization.

• The current paper proposes a basic algorithm that can be used as a roadmap to select
appropriate 3DPs for AM. This roadmap can help to select more rational, logical,
and reasonable alternatives. Hence, the preferences of the decision-makers may be
more optimal.

• The current paper presents an algorithm that is different from those of previous studies.
It recommends evaluating the proper 3DPTs before selecting 3DPs. Evaluating fewer
and more reasonable 3DP options is possible because it can help eliminate some
alternatives using 3DPT options. Thus, it makes the evaluation and selection easier
for practitioners.
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• Also, it focuses on industrial 3DPTs and 3DPs, which are proper for mass AM produc-
tion. Therefore, individual and low-capacity 3DPs are out of the scope of the current
study. Hence, the current paper examines the applicability of AM technologies in AI
concerning digital transformation.

When the outcomes and findings of the study are evaluated, C1 accuracy in printing is
the most influential criterion, as it confirms that each manufactured product is in the same
form. Hence, providing standardization in product form also increases the firm’s trust-
worthiness with the other supply chain stakeholders. The customers (car-manufacturing
companies) want to fully rely on the appropriate purchased auto parts, which can be used
in manufacturing processes because a slight mistake concerning the accuracy of any auto
part’s form can lead to irrevocable results after the manufacturing process starts.

The study’s main finding concerning the most influential criterion confirms the out-
comes acquired in the studies carried out by Ghaleb et al. [23] and Khamhong et al. [18].
According to these authors, accuracy is the most essential and critical factor for selecting
the most appropriate 3DP. According to their study’s findings, Aydoğdu & Gül [37] in-
dicated that quality is the most critical factor. In some studies, the researchers claimed
that the cost of production is the most determinant factor for selecting a three-dimensional
printer [22,27,45]. However, the researchers did not associate the outcomes of their studies
with any industry’s requirements concerning 3DP utilization. Hence, it is not possible to
check the validity of these findings. In addition, each 3DP shows diverse performance in
producing different objects. These studies did not illustrate an object as an example that can
be produced using additive manufacturing implementations. In the current work, aside
from the current study carried out to address a critical decision-making problem in the
automotive industry, we also pointed out an object that will be produced in an additive
manufacturing process in the automotive manufacturing industry, as illustrated in Figure 3.
Ultimately, printing the connecting rods for heavy trucks by employing 3DPs is pointed
out as the main focal point of the paper.

6. Conclusions and Guidance for Next Studies

The present paper focuses on decision problems in identifying appropriate 3DPTs and
3DPs in AM using a previously unattempted methodological framework. We noticed that
there are critical gaps in the literature. An extended form of the hybrid model involving
Delphi, SWARA, and RAFSI approaches based on Fermatean fuzzy sets is a powerful
and applicable mathematical tool that can deal with several complex uncertainties. It is
proposed to fill the theoretical and methodological gaps in the literature. By keeping the
difficulties of the 3DP selection and industry requirements in mind, the present paper
suggests a novel decision-making approach based on FF sets to combine the advantages of
FF sets and the Delphi, SWARA, and RAFSI techniques. In addition, we executed a broad
sensitivity analysis with five phases to check the robustness and validity of the proposed
model. The results prove that the FF–Delphi and SWARA and RAFSI combination is a
maximally consistent and stable decision-making tool, as many excessive modifications
could not influence it. Moreover, it is resilient to the rank-reversal problem because the
ranking positions of the alternatives did not change despite eliminating the worst options
in each scenario. Thus, it proves that the proposed FF model is fully reliable for decision-
makers. The model was used to solve the assessment problem of selecting 3DPTs and 3DP
alternatives in AM to demonstrate the implementation of the decision-making model. The
obtained outcomes confirm that the recommended decision tool based on FF sets can be
applied to solve highly complicated decision problems in various industries besides the
automotive industry.
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Appendix A

Table A1. Linguistic evaluation matrix by DMs of alternatives for Case 1.

Criteria

Alt. Dec.
Mak. C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 C15 C16 C17 C18 C19 C20

A1

DM1 MH L M MH MH VH H VL H ML M M ML VL M L L H H ML
DM2 MH ML M MH M ML ML ML ML H MH H M M MH M M MH MH ML
DM3 M VL VL VH H L H L H L H M L H MH VH L H H L
DM4 M VL VL M H L H L H L H M L H MH VH L H H L
DM5 VH M H M VH H H MH H H H H MH M H H H H H M

A2

DM1 MH MH MH M M VH H ML H ML M MH MH ML M L MH MH MH M
DM2 MH MH ML MH M M MH MH M M M MH M M ML M M M MH MH
DM3 L M MH M M VH H ML H ML M MH M M ML M M M MH MH
DM4 L MH MH M M VH H ML H ML M MH M M ML M M M MH MH
DM5 ML MH ML M ML H M VH M M H M VH VH L H M ML H H

A3

DM1 MH MH H MH MH VH H ML H MH M H ML L M L ML H H M
DM2 MH ML M MH MH M MH M ML M MH MH M M MH VH M M MH ML
DM3 MH ML ML VL M MH L H ML L VH VL M M H H MH L MH M
DM4 MH M M VL M MH L H ML L H VL M M H VH MH L MH M
DM5 MH M H H VH H L MH M H H H MH M M M H H H M

A4

DM1 VL L ML L VVL L M L M M ML L M ML M M ML VL L VL
DM2 MH ML ML L H M M M M M MH H M M M M MH MH MH ML
DM3 L L VVL L VVL L M L M M ML L M ML VL M VVL VL L VVL
DM4 L L VVL L VVL L M L M M ML L M ML VL M VVL VL L VVL
DM5 L L M L H H MH M M M MH H MH VH L L M H H MH

A5

DM1 VH L VH H MH VH MH MH H MH M M VH VH M ML H L L MH
DM2 VH MH H H VH H MH M M MH ML M M ML ML M MH M ML L
DM3 VH L L H MH H L M ML MH MH H H M M M M L ML L
DM4 VH L L H MH H L M ML MH MH H H M M M M L ML L
DM5 VH ML H MH VH MH MH M H H H H H M H M H L H H

A6

DM1 L M MH M M VH H ML H ML M H MH ML M L MH MH MH M
DM2 L M MH MH MH M M M ML MH MH VH M M M M M MH MH M
DM3 L M MH MH MH M M M ML MH MH H M M M M M MH MH M
DM4 L M MH MH MH M M M ML MH MH H M M M M M MH MH M
DM5 L M M L H M H M L M H H MH M H M M H M M

A7

DM1 M ML MH H MH VH H M H M M MH ML ML M L MH MH MH M
DM2 M M H M M M MH M M M ML M M ML ML M M M ML L
DM3 M M H M M M MH M M M ML M M ML ML M M M ML L
DM4 M M H M M M MH M M M ML M M ML ML M M M ML L
DM5 M VL VL VL MH VH H M H M M MH ML ML ML M M M ML L

Table A2. Linguistic evaluations of alternatives to Case 2 by experts.

Alt. Dec.
Maker C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 C15 C16 C17 C18 C19 C20

A1

DM1 L M MH VH VH VH MH VVH VVH VVH VVH M ML VVH VH VH MH VH VH H
DM2 L M MH VH VVH VH MH VVH VVH VVH VVH M ML VVH VH VH MH VH VH H
DM3 L L MH VH MH VH H H VVH VH VVH M ML VVH VH VH MH VH VH H
DM4 VVL M MH VH VH VH MH VVH VVH VH VVH M ML VVH VH VH MH VH VH H
DM5 VVL L MH VH VH MH MH VH VH VH VH M ML VH VH VH MH VH MH H

A2

DM1 MH M VVH VVH VVH MH VVH VH VH VVH VH M VVL VH VVH VVH MH VVH VVH H
DM2 MH M VVH VVH VVH MH VVH VH VH VH H M VL VH VVH VVH MH VVH VVH H
DM3 VVL MH VH VVH VH MH VVH VH VH H VH H VL H VVH VVH M VVH VVH H
DM4 VVL M VH VVH VVH MH VVH MH VH VH VH M L VH VVH VVH MH VVH VVH MH
DM5 VVL M VH VH VH MH MH MH MH VH VH M VL MH VH VH MH VH VH MH

A3

DM1 M MH L MH VH MH MH VH MH VH VH VH VVL VH VH MH VVH MH MH H
DM2 VVL MH L MH VH MH MH VH MH VH VH VH VVL VH VH MH VVH MH MH H
DM3 MH MH L M MH VH MH H MH VH VH VH VVL VH VVH MH VVH H MH VH
DM4 M MH L M VH MH MH MH MH H H MH H VH VH MH VVH M MH MH
DM5 M M L M VH MH MH H MH VH H MH VVL MH VH MH VH M MH VH

A4

DM1 MH M M MH MH M H VH VH VH MH MH L VVH M MH VH MH VVH VH
DM2 MH M ML MH MH M H VH VH VH MH MH L VVH M MH VH H VVH VH
DM3 M ML ML VH VH M H H H VH H H L H M M VH H VVH VH
DM4 VVL ML ML VH MH M MH MH VH VH MH MH VVL H M MH MH M VVH VH
DM5 M ML ML MH MH M MH MH MH VH MH MH VVL VH M MH MH M VH VH
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Table A2. Cont.

Alt. Dec.
Maker C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 C15 C16 C17 C18 C19 C20

A5

DM1 M VH VH MH MH MH MH MH MH VH VH VH VVL H VH MH H H VH VVH
DM2 M VH MH MH MH MH MH MH MH H VH VH VVL VVH H MH VH H VH VVH
DM3 M VH MH M MH MH M MH MH VH VH VH MH H H MH VH M VH VVH
DM4 M VH MH M MH MH MH VH MH VH H MH VVL H H MH MH M VH VVH
DM5 M MH MH M MH MH MH VH MH MH VH VH VVL VH H MH MH M MH VH

A6

DM1 M MH VVH MH VVH VH MH MH VH VVH H MH VVL VH H MH MH MH VVH VVH
DM2 M MH VVH MH VVH VH MH MH VH VVH H MH VVL H H MH MH MH VVH VH
DM3 VVL M VVH M MH VH MH MH VH VVH VH MH MH H M M MH MH VVH VH
DM4 VVL M M MH VVH VH VH MH VH VVH H MH VVL VH M M MH MH VVH VH
DM5 M M VH MH VH MH MH MH MH VVH VH MH MH MH M M MH MH VH VH

A7

DM1 VVL MH ML M M VH H VVH VH VH MH VH MH VVH M MH M MH VH VH
DM2 VVL MH ML M M VH MH VVH VH VH MH VH VVL M M MH M MH VH VH
DM3 VVL MH ML M M VH MH VVH VH MH MH VH MH VVH MH MH H M H VH
DM4 VVL MH ML M M VH H VVH H MH MH MH H H MH H M M VH MH
DM5 VVL M ML M M MH MH VH MH MH MH MH MH VH MH MH M M MH VH

A8

DM1 MH M VVH VH VVH VVH VVH MH VH VVH VH VVH VVH VVH H MH H VVH VVH VH
DM2 MH VH VVH VH VVH VVH VVH MH VH VVH VH VVH VVH VVH H MH MH VVH VVH VH
DM3 VH VH M VH M VVH H MH VH VVH VH VVH VVH M MH M MH VVH VH VH
DM4 VH M VVH VH VVH VVH VVH MH VH VVH VH VVH VVH M MH M MH VVH VVH VH
DM5 VH VH VH VH VH VH MH MH MH VH VH VVH VH VH MH M MH VH VH VH

A9

DM1 ML M L MH MH MH MH VH VH VH H MH VVL MH MH MH VH M VVH VVH
DM2 ML M L MH MH MH MH VH VH VH H MH VVL VH MH H VH M VVH VH
DM3 M VH L M MH MH MH VH H MH H MH VVL H MH M VH M VVH M
DM4 ML M L M MH MH VVH MH H H MH MH VVL VH MH M MH M VVH VH
DM5 ML M L M MH MH MH MH H MH MH MH VVL MH MH M H M VH VH

A10

DM1 MH MH VVH MH VH MH MH MH MH VH MH MH VVL VH H MH M MH VVH VH
DM2 MH MH VVH MH VH MH MH MH MH VH MH MH VVL VH H MH M MH VVH VVH
DM3 MH MH VVH MH M VH MH MH MH VH MH VH VVL M H M M H VVH VH
DM4 MH MH VVH MH VH MH VVH MH H VH MH MH VL M H M M M H VVH
DM5 MH MH VH MH VH MH VVH MH MH MH H MH VVL MH H M M H M VH

A11

DM1 M VH VH MH VH MH MH VH VH VH VH MH VVL VH H MH VH MH VVH VH
DM2 ML M MH MH VH M MH VH VH VH VH MH VVL M VH MH VH MH H VH
DM3 ML M MH M VH MH VH VH VH VH H H L VH H MH VH MH VVH VH
DM4 M M MH M VH MH VH MH VH VH VH MH VVL VH H MH MH MH VVH VH
DM5 M VH MH M VH MH MH MH MH VH VH MH L MH H MH MH MH VH VH
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36. Kutlu Gündoğdu, F.; Ashraf, S. Some Novel Preference Relations for Picture Fuzzy Sets and Selection of 3-D Printers in Aviation

4.0. In Studies in Systems, Decision and Control; Springer: Cham, Switzerland, 2022; Volume 372.
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