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Manufacturing enterprises are currently facing radical challenges with the new concept of smart manufacturing. While most multinational enterprises have initiated their journey toward adopting smart manufacturing technologies, small and medium enterprises (SMEs) that are the mainstay of many manufacturing economies are still struggling to understand the complexities of smart manufacturing. Many of these enterprises are not ready to embrace the concept owing to the large initial investment required for technological advancement. Furthermore, failure to assess the readiness and current capabilities of the SMEs may obstruct achievement of their full potential in smart manufacturing. Therefore, the present study aims to explore essential criteria that must be included in the design of a readiness assessment tool for adopting smart manufacturing in automotive SMEs. Accordingly, we adopt a design and development research method along with the fuzzy Delphi technique to accomplish the research objectives. A self-administered questionnaire was then developed as an instrument to collect research data. A panel of 15 experts comprising government agency representatives, smart manufacturing practitioners, academic researchers, and SME consultants participated in the study. Data analysis revealed that the experts accepted all of the proposed criteria, as indicated by an expert consensus value exceeding 75%, a threshold value (d) ≤ 0.2, and a fuzzy score (A) ≥ the α-cut value of 0.5. These findings demonstrate that the suggested criteria have gained expert consensus and are necessary for designing and developing an E-smart manufacturing readiness assessment tool for automotive SMEs. Our research holds tremendous implications for small and medium automotive manufacturers intending to adopt smart manufacturing at their production facilities as well as policymakers designing further policies, aid, and future development strategies to enhance the business performances of SMEs.
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1 INTRODUCTION
Given the rapidly evolving global economic landscape at present, we cannot overstate the roles of small and medium enterprises (SMEs) in driving economic growth and innovation (Mustapha and Sorooshian, 2019). In Malaysia, where SMEs constitute a staggering 98.5% of all businesses, the ability to stay competitive while adapting to the demands of the digital age is crucial (SME, 2019; Wong and Kee, 2022); as the nation aspires to ascend to the ranks of developed and high-income countries by 2024 (Industry4WRD, 2018). It has become more imperative to equip SMEs with the tools necessary for transformation and innovation. Smart manufacturing has often been touted as the future of production processes and holds the key to the transformation needed for Malaysian SMEs (Rahamaddulla et al., 2021); it offers a paradigm shift in manufacturing practices by integrating cutting-edge technologies such as artificial intelligence (AI) with the Internet of Things (IoT) and automation to increase efficiency, productivity, and competitiveness (Varriale et al., 2023; Allioui and Mourdi, 2023). However, for SMEs and particularly those in Malaysia, swift adoption of such revolutionary manufacturing approaches pose formidable challenges (Ahadi et al., 2023; Abdulaziz et al., 2023).
The transition from conventional manufacturing systems to advanced technology-driven smart manufacturing entails many uncertainties and complexities. Assessing the readiness of the SMEs serves as a vital step in recognizing the technological, organizational, and strategic gaps precisely. Understanding these disparities beforehand can help SMEs mitigate potential risks due to unprepared adoption; further, it helps with the development of a well-conversant transition strategy that could prevent costly setbacks and operational disruptions while promoting smoother and more secure integration of smart manufacturing technologies (Rahamaddulla et al., 2021). Next, readiness assessments could provide valuable insights to the SMEs relevant to the resources required for smart manufacturing adoption (Yang et al., 2022). The evaluation outcomes also influence strategic resource allocation and investments for technological upgrades, employee training, and infrastructure development; this minimizes the complexity often associated with sudden shifts in manufacturing and methodically reduces the likelihood of being overwhelmed by rapid changes (Bumbarger, 2015). Readiness measurements could also enhance adaptability and resilience, where the readiness assessment outcomes may foster adaptability by enabling anticipation and the ability to manage unforeseen challenges with greater agility. Thus, the readiness tool should be able to capture the uncertainties in each smart technology. These uncertainties encompass technological, organizational, and strategic dimensions and can significantly impede the seamless implementation and operation of smart manufacturing practices within SMEs. Therefore, the need of the hour is a tailored readiness assessment tool that is specifically designed to measure the preparedness of SMEs for embracing smart manufacturing.
The present study endeavors to address this critical need through the development of a comprehensive self-readiness assessment tool. This tool is based on the innovative fuzzy Delphi technique (FDT) and is poised to capture and account for the inherent complexities characterizing the journey toward smart manufacturing adoption in Malaysian SMEs. The primary objective of this research is to conceive and construct a holistic readiness assessment tool calibrated to the unique challenges faced by SMEs when embracing smart manufacturing. By integrating the power of the FDT, the proposed tool aims to provide a nuanced and adaptable instrument that can discern and quantify readiness levels across various dimensions. The significance of this study lies in its profound implications for both industry and policymaking; the outcomes of this work are expected to revolutionize the development of tailored readiness assessment tools, casting a spotlight on the intricate facets of smart manufacturing that may otherwise remain obscured by the associated complexities. Policymakers can leverage the insights garnered from this assessment tool to draft future policies, incentives, and programs to incentivize SMEs to embark on their smart manufacturing journeys. Furthermore, this assessment tool serves as an invaluable compass for researchers seeking to explore the contours of complexity within the smart manufacturing realm from the perspective of SMEs. Our work not only contributes to a more profound understanding of the challenges faced by SMEs but also motivates them to embrace the future of manufacturing, thereby catalyzing Malaysia’s quest as a high-income and developed nation.
The scope of this study encompasses application of the design and development research (DDR) approach to create a readiness assessment tool tailored to the context of automotive SMEs transitioning to E-smart manufacturing. DDR is characterized by its formative nature and systematic process, which align with the research strategies employed in this research. The present study is examined in three distinct phases, where the first phase involves conducting a needs analysis for the assessment tool, second phase is focused on the actual design and development of the tool, and third phase is used to validate the developed tools. However, it is important to note that the we focus more on the second phase in this work as it constitutes the central and most significant component of the DDR approach to design and develop the E-smart manufacturing readiness assessment tool for automotive SMEs.
2 LITERATURE REVIEW
2.1 Industrial revolution and smart manufacturing
The evolution from the first to the Fourth Industrial Revolution evidences the continuous progress achieved in manufacturing processes (Sorooshian and Panigrahi, 2020). This evolution initially started with mechanization of production and has developed to the current era of smart interconnected systems. Each phase of growth during this process has resulted in transformative changes: from steam and mechanized systems in the first industrial revolution to mass production empowered by electricity in the second, digitalization in the third, and cyberphysical systems (CPSs) in the current Industry 4.0. This historical perspective emphasizes the incremental progress and sets the stage for smart manufacturing. As manufacturing systems are becoming increasingly complex, there is a need for unified data-driven technologies that underscores the importance of smart manufacturing for navigating this new landscape. The smart manufacturing of today is dependent on several key pillars, including IoT, big data analytics and cybersecurity (Schaupp et al., 2017; Sufian et al., 2021); these pillars are not only integral to understanding the nature of smart manufacturing but also essential for SMEs to successfully transition and thrive in this new industrial paradigm.
The terms “smart manufacturing” and “Industrial 4.0” are often used interchangeably. In the United States, smart manufacturing is referred to as Industrial 4.0, while Germany officially introduced this concept at the Hannover Fair in 2011; similarly, Korea uses the term Industrial 4.0 to describe a “smart factory.” Regardless of the terminology used, these three phrases share a common goal: to enhance businesses and their manufacturing environments in various countries by embracing advancements in information and operational technologies. In essence, ten key pillars have been widely discussed in the context of smart manufacturing. Notably, scholars like Machado et al. (2020), Jones et al. (2019), Piccarozzi et al. (2018), Vaidya et al. (2018), Erboz (2017), and Rüßmann (2015) have provided detailed insights into these pillars within the framework of the Fourth Industrial Revolution. These pillars include IoT, collaborative robots, cloud computing, virtual reality, big data analytics, system integration, additive manufacturing, cybersecurity, simulation, and CPSs. Collectively, these components serve as the foundational pillars driving the evolution of smart manufacturing.
2.2 Readiness models for smart manufacturing adoption
Germany has become a global leader in smart manufacturing, having successfully integrated Industry 4.0 principles like IoT, Internet of Services, enterprise resource planning, social product development, and radio frequency identification (Fonseca, 2018; Georgakopoulos et al., 2016; Lin et al., 2016; Lom et al., 2016; Lu, 2017; Sony and Naik, 2020). These technologies enable mass customization, cost-effective product planning, and real-time manufacturing process control (Mittal et al., 2019; Tao et al., 2018; Zheng et al., 2018). While many manufacturers have sought these benefits to remain competitive (Kang et al., 2016), others have struggled in their adoption of smart manufacturing practices. In countries like Malaysia, most companies have remained at the Industry 3.0 stage (Abod, 2017). In the particular case of SMEs, the adoption of Industry 4.0 remains a significant challenge (Rauch et al., 2020). Readiness assessments entail evaluating several dimensions on a scale to measure readiness levels (Rockwell Automation, 2014). Commonly, all these models are equipped with readiness level stages. Most readiness models share common dimensions of measurement; nevertheless, the purpose of each model is distinct, offering different levels of complexity and depth with regard to scope and methodology (Horvat et al., 2018). Generally, readiness level 1 indicates lack of the attribute and level 5 represents an advanced level or required attribute (Schumacher et al., 2016). Several authors like Tavana et al. (2024), Sorooshian (2021), Akdil et al. (2018), Gökalp et al. (2017), Sony and Naik (2020), and Lichtblau (2023), have confirmed that there is no standard and perfectly consented model in this area; therefore, there is no universally agreed upon guide for developing the readiness model, which evidences a notable research gap. To date, there are many well-known readiness models for reference; Supplementary Appendix 1 shows some previous works related to readiness assessments from 2014 to the present. Herein, the readiness level implies that the currently existing tools are designed to suit large companies, whereas SMEs and multinational enterprises (MNEs) have different starting conditions. There are well-established arguments that models based on large enterprises may not perform optimally owing to the distinct characteristics of smaller businesses (Sorooshian, 2017; Sorooshian and Suffian, 2017; Mustapha et al., 2016). Moreover, the extant tools assume that the companies performing readiness assessments are well-established, with connected machinery, advance systems, dedicated departments, and integrated IT systems with established IT departments. Many extant readiness assessments require high complexity and substantial investments, both operationally and financially, which are unsustainable for SMEs and MNEs (Haug et al., 2011). This is contradictory to the starting conditions of SMEs, whose IT departments are often outsourced to third-party service providers. Correspondingly, Mittal et al. (2018) have highlighted that SMEs and MNEs, particularly those in the manufacturing sector, are in need of their own assessment frameworks.
Readiness assessments are crucial for SMEs that are considering smart manufacturing implementation. As noted by Schumacher et al. (2016), the key challenges are as follows:
	• Failure to assess readiness that leads to costly consequences
	• Uncertainties regarding the benefits and costs of technology implementation
	• Lack of strategic guidance and knowledge gaps about Industry 4.0.

Readiness assessments can help SMEs address these critical challenges. The high investment stakes involved in Industry 4.0 transitions make it essential for SMEs to evaluate their preparedness before implementation (Mittal et al., 2019; Basl and Doucek, 2019). However, many business owners lack clarity on the benefits and implementation processes for such digital transformations (Sony and Naik, 2020; Canetta et al., 2018; Rajnai and Kocsis, 2018). Readiness assessments also offer an approach to enhance the competitiveness of an enterprise (Choi et al., 2017). These self-assessments measure factors like organizational understanding, awareness, and current practices. However, existing assessments are limited to IT readiness (Gökalp et al., 2017; Gill and VanBoskirk, 2016; Leyh et al., 2016; Menon et al., 2016) that necessitate a broader approach (Schumacher et al., 2016) given the potential uncertainties of smart manufacturing technology implementation (Akdil et al., 2018).
Currently, there is no universal standard for measuring Industry 4.0 readiness (Schumacher et al., 2016; Rajnai and Kocsis, 2018). Given the high investment and potential changes across organizational strategy, infrastructure, and worker adaptation, a comprehensive readiness model should address core areas like management, machines, methods, and (hu)man, which are referred to as 4M. This 4M framework is based on Ishikawa’s fishbone diagram and is widely used in management for solving problems (Knop and Mielczarek, 2018; Liliana, 2016).
2.3 4M framework for SMEs and smart manufacturing
In contrast to larger companies, SMEs are more prone to limited financial resources and constrained managerial capacity, often operating their businesses with smaller workforces. According to Hansen et al. (2024), SMEs still lack several competencies in terms of their technical, methodological, social, and personal dimensions. The 4M framework is considered well-suited in such instances as it can help SMEs foster accessible assessments. Here, the 4M framework acts as a comprehensive yet focused approach that provides structured assessment elements across all critical areas of smart manufacturing adoption; it is a holistic approach that serves as an effective tool for measuring readiness in the context of smart manufacturing transformation of SMEs. The four core dimensions play pivotal roles in helping SMEs advance toward smart manufacturing, especially when they have limited resources and unique operational constraints.
	A. Management

Relevance: This element includes strategic alignment, leadership, and decision-making capabilities; it embeds top management commitment and promotes alignment of the limited resources of SMEs toward the demands of smart manufacturing.
Comparison with other models: Based on the reviewed models (Supplementary Appendix 1), most tools are largely IT centric and minimally address the managerial component. In contrast, the 4M framework ensures management readiness as a fundamental pillar by recognizing the influence of organizational change.
	B. Machine

Relevance: This element incorporates equipment, IT infrastructures, and the capability for automation; it includes the ability of the machines and equipment of SMEs to adapt and integrate well via IoT devices and sensors.
Comparison with other models: Some models ultimately focus on IT readiness, where the machines and other relevant equipment are often neglected; the 4M framework offers an inclusive approach by incorporating the integrability of the machinery to achieve smart manufacturing readiness levels beyond IT infrastructure.
	C. Method

Relevance: This element includes all operational processes and workflow integration; SMEs should gain sufficient knowledge to optimize their processes and could achieve alignment with new technologies by redesigning their methods for greater efficiency and adaptability. This element ensures easier re-engineering of the processes of SMEs for adopting smart manufacturing practices.
Comparison with other models: While some models are more attentive to the narrow goal of digital readiness, the 4M framework examines readiness through an operational lens; as this framework is pragmatically relevant to SMEs, it can gradually help them adapt their existing methods to incorporate smart manufacturing practices.
	D. (Hu)man

Relevance: This element encompasses all people-centric resources by primarily focusing on human skills, the ability to accept changes, and adaptability toward new technologies and changes; it is a crucial element for SMEs owing to its nature to understand the capacity for extensive training when incorporating specialized talent. This element is important for identifying the skill gaps and training needs with respect to smart manufacturing technologies.
Comparison with other models: Most readiness models do not adequately examine the human dimension and its impacts on SMEs; the inclusion of this element in the 4M framework fosters smoother transition toward smart manufacturing.
Addressing the importance of the 4M framework ensures inclusive evaluations across the management, machine, method, and man dimensions that encapsulate the key needs of SMEs for smart manufacturing motivation. Moreover, the 4M framework flexibly facilitates SMEs to address their capabilities and strategic goals, making the assessment tool highly adaptable (Botha, 2018; Günther et al., 2020; Jamwal et al., 2023). Overall, the 4M framework addresses the challenges encountered by SMEs across managerial, technological, operational, and human resources. Similar findings reported by Amaral and Peças (2021) and Chonsawat and Sopadang (2020) indicate that the readiness assessments available for SMEs today may be skewed narrowly toward the area of technology; these works highlight and support the need for an assessment tool that covers lower readiness levels for SMEs.
The literature review presented herein reveals a clear need for a comprehensive and accessible smart manufacturing readiness assessment tool that is specifically tailored to SMEs. Existing models often lack standardization, focus narrowly on IT readiness, or fail to address the unique challenges of SMEs (Nair et al., 2019). The limitations of the current approaches, coupled with the significant potential benefits of smart manufacturing for SMEs, underscore the need for a new model. From the detailed review on readiness assessment models presented in Supplementary Appendix 1, it is evident that the existing models still lack an inclusive approach addressing the organizational, operational, and human factors that are critical for SMEs to transition to smart manufacturing. Additionally, the extant frameworks typically do not provide the flexibility required for SME-specific challenges, such as limited resources and contrary organizational structures.
To address the aforementioned limitations, Rahamaddulla et al. (2021) have invited study contributions and encourage selecting subindicators for each of the 4M dimensions to develop an Industry 4.0 readiness framework. They argue that the human dimension could emphasize the digital skills and training of employees; the machine dimension could include automation, IoT interoperability, and data analytics capability; the method dimension could consider process integration and workflow digitalization; and the management dimension could highlight strategic alignment and leadership commitment. Accordingly, the present study adds to the work initiated by Rahamaddulla et al. (2021) and uses the 4M framework to support SME readiness assessment in the Industry 4.0 era, thereby ensuring a comprehensive assessment of the key organizational dimensions affected by Industry 4.0 implementation. The goal of the present work is to offer SMEs a useful readiness assessment tool for making informed decisions about technology adoption and successful navigation of their transition to smart manufacturing. The methodology employed to achieve this goal is elaborated in the next section.
3 RESEARCH DESIGN
Our research entails various research strategies that are aligned with the DDR approach, which is a formative research type that is ideally suited for studies with small sample sizes and is characterized by the purpose (Akker et al., 1999). As emphasized by Richey and Klein (2007), the DDR method follows a comprehensive and systematic process encompassing the design, development, and evaluation of models, tools, or products. In this study, the DDR approach serves as the foundational framework for the creation of a readiness assessment tool tailored to the context of transition of automotive SMEs to E-smart manufacturing. As noted previously, this work unfolds in three distinct phases: an initial needs analysis of the assessment tool, followed by the pivotal design and development, and culminating in the validation of the developed tool. It is important to note that the main focus of this work is the second phase involving the design and development of the E-smart manufacturing readiness assessment tool, which we recognize as the central and most substantial component of the DDR approach.
The design and development phase represents a systematic process commencing with the identification and establishment of the model elements and components. Subsequently, it involves a confirmation process and culminates in the actual development of the model. The initial phase of searching and establishing these elements involves a comprehensive literature review, a series of group discussions, and benchmark visits to solidify the core components of the model. The components assembled during this preliminary stage are then organized and presented to an expert panel using the FDT. The consensus achieved by these experts is instrumental in shaping and refining the model. To illustrate this process, a detailed flowchart is presented in Figure 1 that delineates the intricate steps in the second phase of this research centering on the design and development of the readiness assessment tool. Furthermore, to validate the developed tool, five SMEs were recruited from the automotive sector of Malaysia to test the final tool and provide feedback. We also submitted the tool to the Malaysia Productivity Corporation (https://www.mpc.gov.my/) for review to ensure that the tool could actually help SMEs in the real world. The Malaysia Productivity Corporation was first established in 1962 as the National Productivity Corporation, a project between the federal government and the United Nations, and was made an autonomous body in 1966; it was renamed the National Productivity Corporation in 1991 and amended again in 2008 to emphasize its status as a government body for national productivity.
[image: Flowchart illustrating a process with three main stages. The first box lists "Literature review," "Benchmark visit," and "Group discussion" with the note "Forming the main and sub criteria of the model." An arrow leads to the second box labeled "Fuzzy Delphi Method," described as the "Model criteria confirmation process." An arrow connects to the third box labeled "E-Readiness Assessment Tool development," which loops back to the second box, indicating an iterative process.]FIGURE 1 | Flowchart depicting the design and development research (DDR) approach in this work.Notably, the application of the FDT serves a dual purpose: it facilitates expert consensus while simultaneously aiding in the selection and validation of model elements to ensure practicality and feasibility. Therefore, the selection of experts is vital and must be aligned with the specific context of the research. In this study, the experts were recruited from diverse backgrounds, including industrial practitioners, academicians, consultants, and government agency representatives, to ensure a comprehensive and holistic perspective. As noted by Niederberger and Spranger (2020), a group of experts representing a range of associated perspectives is more likely to yield valid results compared to relying solely on the judgment of a single expert, regardless of their individual expertise. According to the guidelines proposed by Jones and Twiss (1978), the ideal number of experts in a Delphi survey typically ranges from 10 to 50. In another FDT study conducted by Abhijith and Bijulal (2024), the authors chose 10 experts to complete the survey. However, Ocampo et al. (2018) argued that having an excess number of experts can result in dominant viewpoints, making it challenging to achieve uniformity in the study results. Therefore, following Ocampo et al. (2018) and Taylor (2020), we formed a panel of 15 experts to participate in our fuzzy Delphi survey.
The selection of these experts was in accordance with the particular context of this study (Mohd Jamil and Mat Noh, 2020). The experts are typically individuals who possess professional competence, skills, and extensive training in a specific field or subject (Swanson and Falkman, 1997). An individual can be considered a subject matter expert if they have consistently worked in a particular field for at least 5 years (Berliner, 2004; Jorm, 2015). In accordance with these criteria, careful consideration was given to the selection of experts in this study to ensure the suitability of their expertise. The following criteria were applied for expert selection:
	1. Government agency representatives involved in policymaking related to SMEs and the automotive industry
	2. Experienced high-tech industry players, including business owners, engineers, and managers, who were involved in smart manufacturing technology projects
	3. Academic experts with knowledge in smart manufacturing subjects and experience in high-tech research
	4. SME consultants and training providers with a track record of successful projects helping SMEs transition from conventional manufacturing to modern manufacturing practices.

Table 1 summarizes the demographic information of the 15 experts recruited for this study.
TABLE 1 | Fuzzy Delphi experts’ background details.	Information	Frequency	Percentage
	Affiliation
	Industry practitioners	6	40.0
	Government agency representatives	4	27.0
	Academicians	3	20.0
	Consultants	2	13.0
	Total	15	100.00
	Years of experience
	More than 10 years	11	73
	Seven years	1	7
	Six years	1	7
	Five years	2	13
	Total	15	100.00


4 FUZZY DELPHI SURVEY
The fuzzy Delphi survey was conducted to facilitate a detailed evaluation of each assessment element gathered through literature review, benchmark visits, and group discussions by experts. The primary objective of this process was to achieve consensus through expert opinions, which were collected via an online questionnaire. The questionnaire employed a 7-point Likert scale to ensure consistency and reliability of the expert responses. This choice aligns with the recommendations made by Chang et al. (2011), who argued that employing a 7-point scale could mitigate fuzzy disparities in the assessment of accepted items among the experts. Subsequently, the responses from the questionnaire were recorded, and the linguistic variables were transformed into fuzzy triangular numbers using Table 2 as a reference.
TABLE 2 | Conversion of the 7-point Likert scale to fuzzy scale.	Agreement scale	Likert scale	Fuzzy scale
	m1	m2	m3
	Extremely agree	7	0.9	1	1
	Strongly agree	6	0.7	0.9	1
	Agree	5	0.5	0.7	0.9
	Moderately agree	4	0.3	0.5	0.7
	Disagree	3	0.1	0.3	0.5
	Strongly disagree	2	0	0.1	0.3
	Extremely disagree	1	0	0	0.1


5 FUZZY DELPHI ANALYSIS TECHNIQUE
Based on the responses obtained from the expert survey, a Fuzzy triangulation calculation was performed to obtain the threshold value (d), consensus percentage, and fuzzy score before the construct of the tool can be “accepted” or “rejected.” The FDT results are expected to meet three rules before the expert decisions can be excepted: first, the average threshold value should be d ≤ 0.2; second, the overall threshold value d has to reach at least 75% before a construct can be accepted; third, the Fuzzy aggregate (A) score (α-cut) value must exceed 0.5. Figure 2 exhibits the graph of the Fuzzy number triangulation. In the FDT, there are two main approaches for analyzing the data: the first is the Fuzzy triangular number, and the second is the defuzzification process. Fuzzy triangular numbers consist of m1, m2, and m3 component values, where m1 is the minimum value, m2 indicates the most plausible value, and m3 is the maximum value.
[image: A triangular graph illustrating a membership function with a horizontal axis labeled M ranging from m1 to m3, and a vertical axis labeled μ ranging from 0.0 to 1.0. The peak of the triangle is at m2 with a height of 1.0. Dotted lines extend horizontally from the peak to the left axis and vertically from m2 to the horizontal axis.]FIGURE 2 | Triangular fuzzy number graph.The triangulation must obey two rules for process completion: first, the threshold value d must be ≤ 0.2 (Manakandan et al., 2017; Abalkina, 2024); second, the expert acceptance percentage of each element tested must be at least 75% for the consensus to be accepted. The threshold value d value is calculated as follows:
d m∼,n∼=13[ m1−n12+m2−n22 +m3−n32 .
The second approach in the FDT is the defuzzification process, which is a ranking step to help researchers identify important constructs, components, or elements used in model development based on expert judgment. The ranking can be used to determine the priority of each element at the development stage. Any of the following three formulas can be used to perform the defuzzification:
	i. Amax=1/3 *(m1+m2+m3)
	ii. Amax=1/4*m1+m2+m3
	iii. Amax=1/6*m1+m2+m3

The fuzzy triangulation method is used to handle imprecise data by defining functions using three points: a lower limit, a peak (most likely) value, and an upper limit. Using these values, the threshold value d can be calculated to serve as a cutoff point for making decisions. This threshold is crucial for filtering out options or criteria that do not meet the required standards. The present study employs d values ≤ 0.2 based on the study by Chu and Hwang (2008). Next, the expert consensus percentage is considered before the results can be accepted. The opinions from multiple experts will be aggregated in this step to achieve consensus. This rule enhances the credibility and reliability of the decision-making processes. The expert consensus percentage provides a quantitative measure of confidence for the decision-making process. The collective wisdom from the experts must have a minimum consensus of 75% for each element before it can be accepted in the FDT. Finally, the fuzzy score A is obtained before an element can be absolutely accepted in the FDT; this is a comprehensive metric that allows decision makers to rank their alternatives by combining various factors into a single score and simplify the complex evaluation, which in turn helps to compare and prioritize options. In this study, we employed a calculation formula based on the studies by Abalkina (2024) and Tang and Wu (2010), where Amax=1/3 *m1+m2+m3; this provides an α-cut value that must exceed 0.5 before the corresponding construct can be accepted based on expert consensus.
6 RESULTS
In this section, we present the results of the collective opinions of experts on the smart manufacturing readiness assessment criteria. Figure 3 provides an integrative visualization of the 4M framework, linking each dimension with its validated criteria and offering a holistic overview of the segmented results.
[image: Diagram illustrating four categories: Man, Method, Management, and Machine. Under Man: people competency, expertise, acceptance, and human capital development. Method includes product customization, development, data methods, usage, storage, inventory, and operation. Management covers strategy, communication, change management, decision-making, business model, and financial planning. Machine focuses on internet connectivity, IT security, automation, upgradability, equipment integration, and monitoring.]FIGURE 3 | E-smart manufacturing readiness assessment based on the 4M framework.6.1 Fuzzy Delphi results on the method construct
The method element determines how an enterprise executes, builds, governs, and manages its operations; the experts were asked to evaluate 10 criteria under this construct (Table 3).
TABLE 3 | Criteria for the method construct.	Criteria	Description
	1. Product customization	Tailoring a product strategy, also known as product individualization (Hara et al., 2019)
	2. Product development	Renewing an existing product or introducing a completely new product to the market (Lutters et al., 2014)
	3. Data value	How data is being appreciated and what it is worth (Raviv et al., 2020)
	4. Data collection method	Process of gathering information (Taherdoost, 2019)
	5. Data usage	Data practicality and purpose (Bui et al., 2021)
	6. Data storage	Collective method of maintaining and retrieving data in a company’s medium (Sriramoju, 2019)
	7. Inventory control	Activity of checking the stock on hand (Kiran, 2017)
	8. Inventory management	Specifying the shapes and placements of stocked goods (Bhattacharyya et al., 2022)
	9. Operation integration	Integration of people, disciplines, groups, and work processes in an organization (Ricciardi et al., 2018)
	10. Operation flexibility	Ability of a system to respond or adapt to different operating states (Li et al., 2020)


The threshold values, expert consensus percentages, defuzzification, and item positions for the method criteria are shown in Table 4.
TABLE 4 | Expert consensus results on the method criteria.	No	Element	Triangular fuzzy number	Fuzzy evaluation value	Expert consensus
	Threshold value, d	Expert consensus percentage, %	m1	m2	m3	Fuzzy score, A
	1	Product customization	0.201	93.3	0.647	0.820	0.933	0.800	ACCEPT
	2	Product development	0.177	80.0	0.593	0.787	0.927	0.769	ACCEPT
	3	Data value	0.139	93.3	0.660	0.847	0.960	0.822	ACCEPT
	4	Data collection method	0.145	93.33	0.673	0.853	0.960	0.829	ACCEPT
	5	Data usage	0.170	100.00	0.673	0.840	0.953	0.822	ACCEPT
	6	Data storage	0.170	100.00	0.673	0.840	0.953	0.822	ACCEPT
	7	Inventory control	0.125	80.00	0.753	0.907	0.980	0.880	ACCEPT
	8	Inventory management	0.168	100.00	0.700	0.860	0.960	0.840	ACCEPT
	9	Operation integration	0.140	100.00	0.687	0.860	0.967	0.838	ACCEPT
	10	Operation flexibility	0.182	93.33	0.647	0.820	0.940	0.802	ACCEPT


Based on the results presented in Table 4, all criteria exceeded the threshold of d ≤ 0.2, except for the first criterion (i.e., product customization). These results prove that the entire list of criteria achieved the necessary expert consensus (Mohd et al., 2018). Although product customization exceeded the threshold, only one expert disagreed while the other experts unanimously or strongly agreed that this element should be included as a criterion under this construct. The method construct has an average threshold of d = 0.165, with an overall consensus average of 95.3% and average fuzzy score of 0.819. This means that all experts consensually agreed with all 10 criteria proposed as the items under this construct.
6.2 Fuzzy Delphi results on the machine construct
The machine construct represents how SMEs manage their internet connectivity and IT security; here, the experts were asked to evaluate six criteria (Table 5).
TABLE 5 | Criteria for the machine construct.	Criteria	Description
	1. Internet connectivity	Ability of an individual and the organization to connect to computer terminals and the internet (Brinia et al., 2022)
	2. IT security	Protecting computer systems and networks from information disclosure, theft, or damage (Taherdoost, 2022)
	3. Machine automation	Technologies to reduce human intervention in a process (Singhal et al., 2013)
	4. Machine upgradability	Process to improve functionality by adding or replacing components to or in the original machines (Khan et al., 2018)
	5. Overall equipment integration (OEI)	Process of combining the component subsystems into a single system and acting as a coordinator for the entire system (Rajabalinejad et al., 2020)
	6. Equipment monitoring system	Process of monitoring the conditions of parameters in the machinery (vibration, temperature, etc.) to identify significant changes indicative of developing faults (Li et al., 2023)


Table 6 shows the threshold and fuzzy score values of each of the elements in the machine construct, along with the individual expert consensus percentages.
TABLE 6 | Expert consensus results on the machine criteria.	No	Element	Triangular fuzzy number	Fuzzy evaluation value	Expert consensus
	Threshold value, d	Expert consensus percentage, %	m1	m2	m3	Fuzzy score, A
	1	Internet connectivity	0.103	100.00	0.713	0.887	0.980	0.860	ACCEPT
	2	IT security	0.151	93.33	0.687	0.860	0.960	0.836	ACCEPT
	3	Machine automation	0.143	100.00	0.633	0.820	0.953	0.802	ACCEPT
	4	Machine upgradability	0.146	86.67	0.620	0.807	0.947	0.791	ACCEPT
	5	Overall equipment integration (OEI)	0.163	86.67	0.567	0.767	0.920	0.751	ACCEPT
	6	Equipment monitoring system	0.182	93.33	0.647	0.820	0.940	0.802	ACCEPT


Based on the results in Table 6, all criteria achieved the threshold of d ≤ 0.2, indicating that they have gained the necessary expert consensus (Mohd et al., 2018). The experts unanimously agreed that all of the proposed elements needed to be included as criteria under the machine construct.
6.3 Fuzzy Delphi results on the man construct
The man construct focuses on the roles of humans (employee) as change agents in an organization; here, experts were asked to evaluate four criteria (Table 7).
TABLE 7 | Criteria for the man construct.	Criteria	Description
	1. People competency level	Set of demonstrable characteristics and skills that enable and improve efficiency or performance on a job (Wong, 2020)
	2. Expertise	Developing broad and deep knowledge, skill, and experience through practice and education in a particular field (Bourne et al., 2014)
	3. People acceptance level	People’s consent to the reality of a change in an organization (Williams and Lynn, 2010)
	4. Human capital development	Process of improving the employee performances, capabilities, and resources of an organization (Akinyemi et al., 2013)


Table 8 shows the detailed results of the fuzzy Delphi analysis for the man construct.
TABLE 8 | Expert consensus results on the man criteria.	No	Element	Triangular fuzzy number	Fuzzy evaluation value	Expert consensus
	Threshold value, d	Expert consensus percentage, %	m1	m2	m3	Fuzzy score, A
	1	People competency level	0.132	93.33	0.593	0.787	0.940	0.773	ACCEPT
	2	Expertise	0.164	80.00	0.607	0.793	0.933	0.778	ACCEPT
	3	People acceptance level	0.145	100.00	0.660	0.840	0.960	0.820	ACCEPT
	4	Human capital development	0.123	100.00	0.700	0.873	0.973	0.849	ACCEPT


Based on the results in Table 8, the expert opinions indicate the suitability of including the proposed criteria as part of the readiness assessment tool under the man construct. Two of the elements here have 100% consensus, whereas the other two only managed to reach 80% and 93.33%, respectively.
6.4 Fuzzy Delphi results on the management construct
The management construct focuses on collective efforts in assembling and organizing resources as well as integrating them effectively; here, the experts were asked to evaluate seven criteria (Table 9).
TABLE 9 | Criteria for the management construct.	Criteria	Description
	1. Organization strategy	How an organization plans to achieve a goal (Whipp et al., 2001)
	2. Communication practice	Practices involved in the propagation of information (Poimenidou and Christidou, 2010)
	3. Change management	How people and teams are affected by organizational transitions or changes (Sung and Kim, 2021)
	4. Collaboration	Process of two or more entities working together to achieve a goal (Castañer and Oliveira, 2020)
	5. Decision-making approach	Cognitive process that results in the selection of beliefs (Shahsavarani and Abadi, 2015)
	6. Business model	How the organization intends to capture market value (Nielsen and Lund, 2014)
	7. Financial planning	Annual projection of income and expenses of a company (Boon et al., 2011)


The detailed responses to the fuzzy Delphi analysis for the management construct are shown in Table 10, wherein the fuzzy triangulation results indicate that all criteria recorded fuzzy scores of A > 0.5.
TABLE 10 | Expert consensus results on the management criteria.	No	Element	Triangular fuzzy number	Fuzzy evaluation value	Expert consensus
	Threshold value, d	Expert consensus percentage, %	m1	m2	m3	Fuzzy score, A
	1	Organization strategy	0.157	93.33	0.700	0.867	0.960	0.842	ACCEPT
	2	Communication practice	0.172	93.33	0.687	0.853	0.953	0.831	ACCEPT
	3	Change management	0.110	100.00	0.673	0.860	0.973	0.836	ACCEPT
	4	Collaboration	0.132	93.33	0.593	0.787	0.940	0.773	ACCEPT
	5	Decision-making approach	0.145	100.00	0.660	0.840	0.960	0.820	ACCEPT
	6	Business model	0.137	100.00	0.647	0.833	0.960	0.813	ACCEPT
	7	Financial planning	0.161	100.00	0.660	0.833	0.953	0.816	ACCEPT


From the results in Table 10, it is evident that the management construct has the highest consensus rates among all the constructs. Here, four out of seven criteria achieved 100% expert consensus, while the other three reached 93.33% consensus each. Although one expert scored individual threshold values of more than 0.2 for organization strategy and communication practice, the average thresholds for these subdomains range from 0.110 (minimum) to 0.172 (maximum). Therefore, it can be concluded that none of these items have exceeded the 0.2 threshold value. Regarding the fuzzy scores, the values range between 0.733 (low) and 0.836 (high), fulfilling the criteria of the FDT and reaching consensus on acceptance of these criteria as the measures of the management construct. To satisfy the requirement of empirical validation, the smart manufacturing readiness assessment tool developed herein was evaluated at five Malaysian SMEs in the automotive industry. These businesses participated in the validation phase to evaluate the usability, feasibility, and alignment of the tool with their particular requirements from a business perspective. To evaluate the practical applicability of the proposed tool in real-world settings, we used these case studies for comparisons with extant readiness assessment tools. The feedback from these five SMEs supports the feasibility of the proposed tool, which ensures that the tool not only considers the consensus of experts and professionals but also incorporates enough implementation feasibility feedback from the end users. To demonstrate the relevance and utility of the tool in assisting SMEs with their transition to smart manufacturing, the SMEs each completed an assessment of their readiness and received a detailed report on their progress.
Our research approach solicits and compiles feedback from a diverse panel of experts relevant to SMEs. Herein, we considered the inherent uncertainties and variabilities in SME environments while also reflecting expert consensus. Further, we integrated an additional feedback channel as a validation process. To ensure that the tool could actually help SMEs in the real world, we invited a team from the Malaysia Productivity Corporation to review and examine our tool and offer feedback. The response letter received from the team states that “the tool not only assesses the readiness of SMEs to adapt smart manufacturing practices but also helps identify possible issues that may arise, allowing SMEs to proactively address potential challenges and save a significant amount of time, effort, and resources that may otherwise be wasted.” The team also endorsed the proposed tool as an “invaluable resource for SMEs seeking success in their smart manufacturing initiatives.”
7 CONCLUSION
The main contribution of the present study is the development of readiness assessment criteria intended to measure the readiness levels of automotive SMEs in achieving a smart manufacturing status. The existing tools for gauging the readiness levels of SMEs are limited and often more suitable for large companies, while neglecting the specific requirements of SMEs. Many of these tools include criteria and constructs that are not relevant to SMEs, and the necessary functions are lacking in these tools. The E-smart manufacturing readiness assessment tool developed in this study fills this gap and serves as a self-assessment tool to guide SMEs in achieving readiness to transition to smart manufacturing practices. The proposed tool is a pioneering effort for transforming automotive SMEs into smart companies and utilizes the FDT as its foundation.
The tool emphasizes four fundamental areas of management (i.e., man, machine, method, and management) to provide practitioners with a clear framework for monitoring the readiness levels before embarking on smart manufacturing transformation. This tailored approach is suited to capture the nuanced readiness levels of smaller businesses undergoing smart manufacturing transformations. In contrast to existing assessment tools that frequently use complex terminology, the proposed E-smart manufacturing readiness assessment tool is intended to be easily understood by SMEs. Our tool has been specifically tailored to SME conditions and is expected to assist manufacturing SMEs, particularly those in Malaysia, in gaining a better understanding of the smart manufacturing initiative framework. Automotive SMEs in Malaysia typically operate as tier-two or tier-three suppliers (Wad, 2009; Awheda et al., 2014; Hudin et al., 2017) with little bargaining power and reliance on government assistance programs. Malaysian SMEs supply both local assemblers and international markets by frequently competing on cost and flexibility (Hashim, 2012; Razali et al., 2018). This creates an environment of hybrid dependency that influences how new technologies are adopted. Our E-smart manufacturing readiness assessment tool is specifically designed for Malaysia, but the framework is also expected to have broader applicability. The tool assists SMEs in anticipating and aligning with original-equipment-manufacturer-driven technological adoption in supplier-dominated environments. In more open and export-oriented environments like Europe, it can also help SMEs independently benchmark their readiness against global buyer requirements. Thus, the 4M-based criteria remain valid but may need to be contextualized to reflect local supplier–buyer dynamics.
Similarly, the insights gathered from the research are expected to support policymakers in formulating future policies aimed at assisting SMEs in crucial areas. Overall, our research contributes to the advancement of smart manufacturing adoption in the automotive SME sector while providing valuable guidance for both SMEs and policymakers. In addition to its current contributions, the practicality of this tool can be further tested in industries outside the automotive sector. By evaluating and comparing the results with the findings presented herein, the tool can be further enhanced and tailored to different industry contexts. Furthermore, extended development of the readiness assessment tool could involve converting it into assessment software, which would allow the inclusion of additional features like calculated recommendations for each level of readiness. These recommendations would provide SMEs with actionable insights on improving their readiness for smart manufacturing adoption.
Relying solely on expert opinions could undermine the validity of the proposed E-smart manufacturing readiness assessment tool; however, we successfully employed the FDT in this study to achieve consensus on the suggested criteria. Notwithstanding its value, expert consensus cannot replace the need for empirical validation, particularly from end users and subject matter experts. Herein, the FDT was supplemented with an empirical validation phase involving actual SMEs to alleviate concerns regarding reliance on expert opinions. This phase was considered essential to bridge any potential gaps between theoretical development and practical application, which would ensure that the tool remains effective for its intended users. This establishes a connection between the development and actual implementation of the tool in the real world. Future researchers should perform empirical evaluations of the tool in practical settings by incorporating insights from subject matter experts. The practical utility and comparative efficacy of the tool relative to the existing models could be enhanced through direct feedback from such evaluations. This iterative process will assist SMEs in their smart manufacturing transformation through a tool that is extensively utilized and rigorously validated for readiness assessments. For future research, it would be valuable to explore the effectiveness of the readiness assessment tool in different industries and regions to validate its applicability across various contexts and ensure usefulness for a broader range of SMEs. Additionally, further studies could focus on refining the criteria and constructs in the tool to better suit the needs of SMEs in different sectors. This could involve conducting more extensive surveys and consultations with industry experts to ensure the relevance and accuracy of the tool.
We suggest that future research could focus on piloting tools across various SMEs within the automotive sector as well as exploring the impacts of using the readiness assessment tool on the adoption of smart manufacturing practices by SMEs. The authors believe that broader empirical validations are necessary to test the tool. Longitudinal studies could track the progress of SMEs over time and assess how the tool contributes to their success in implementing smart manufacturing initiatives. Moreover, future studies could expand the assessment tool across various industries, refine criteria weighting through advanced methodologies, and integrate data analytics capabilities. Comparative studies with existing methods can also enhance understanding of the adaptability and practical efficacy in diverse SME contexts.
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