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ABSTRACT

Purpose: The primary aim of this study is to develop a valid and reliable scale for measuring the factors
influencing the adoption of Industry 4.0 technologies in developing countries. By identifying these factors,
the study seeks to provide a comprehensive understanding of how developing economies can more
effectively manage their transition processes towards Industry 4.0.

Methodology: A systematic scale development process was followed in the study. In the initial phase,
scale items were generated based on a comprehensive literature review and expert opinions.
Subsequently, preliminary tests and pilot applications were conducted to assess the face validity of the
scale. In the final phase, survey data collected from a large sample were analyzed using exploratory factor
analysis (EFA) and confirmatory factor analysis (CFA) to evaluate the construct validity properties of the
scale.

Findings: The analysis revealed that the factors influencing the adoption of Industry 4.0 could be
categorized into eight distinct dimensions. The developed scale demonstrated high validity and reliability,
and its factor structure was confirmed to be robust.

Originality: This study represents one of the first systematically developed scales to measure the factors
influencing Industry 4.0 adoption in developing countries. Given that the literature on scale development is
largely confined to developed nations or specific sectors, this research fills a significant gap within the
context of developing countries.

Keywords: Industry 4.0, Developing Countries, Scale Development, Digital Transformation, Factor
Analysis.
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Endiistri 4.0’in Gelismekte Olan Ulkelerde Benimsenmesi: Olgek Gelistirme ve
Ampirik Dogrulama

OZET

Amag: Bu galismanin temel amaci, gelismekte olan llkelerde Endustri 4.0 teknolojilerinin benimsenmesini
etkileyen faktorleri 6lgmek tGzere gecerli ve glvenilir bir dlgek gelistirmektir. S6z konusu faktorlerin tespit
edilmesiyle, gelismekte olan ekonomilerin Endustri 4.0'a ydnelik gegis sureglerini daha etkin bir sekilde
nasil yonetebileceklerine dair kapsamli bir anlayis sunulmasi hedeflenmektedir.

Yéntem: Calismada sistematik bir dlgek gelistirme siireci izlenmistir. ilk asamada, kapsamli bir literatiir
taramasi ve uzman gorisleri dogrultusunda o6lgek maddeleri olusturulmustur. Ardindan, 6n test ve pilot
uygulamalar gercgeklestirilerek 6lgegin goérinis gecgerliligi dederlendirilmistir. Son asamada, genis bir
katihmci kitlesine uygulanan anket verileri agimlayici faktér analizi (AFA) ve dogrulayici faktér analizi (DFA)
ile incelenerek 6lgegdin yapi gegerliligi 6zellikleri test edilmigstir.

Bulgular: Analizler sonucunda, Endistri 4.0’in benimsenmesini etkileyen faktorlerin sekiz farkli boyuta
ayrildigi belirlenmistir. Gelistirilen 6lgegin gecerlilik ve guvenilirlik degerleri yiksek bulunmus ve faktor
yapisinin glclu oldugu dogrulanmistir.

Ozgiinliik: Bu galisma, gelismekte olan iilkelerde Endiistri 4.0'iIn benimsenmesini etkileyen faktorleri lgen
ilk sistematik Olgeklerden biridir. Gelismis Ulkeler veya belirli sektorlerle sinirli alan yazin géz énine
alindiginda, bu arastirma gelismekte olan Ulkeler baglaminda 6nemli bir boslugu doldurmaktadir.
Anahtar Kelimeler: Endistri 4.0, Gelismekte Olan Ulkeler, Olgek Gelistirme, Dijital Déniisiim, Faktor
Analizi.

JEL Kodlar: L6, M11, M15, O3.
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1. INTRODUCTION

Industry 4.0 represents the digital transformation of manufacturing processes and is considered an
industrial revolution driven by advanced technologies such as artificial intelligence, big data analytics, the
Internet of Things (loT), cloud computing, and cyber-physical systems (Pattanapairoj et al., 2021;
Bonekamp and Sure, 2015; Lasi et al., 2014). Industry 4.0 transformation enables the establishment of
smart factories through innovative technologies such as smart logistics, integrated decision-making
mechanisms, advanced sensors, and big data analytics (Kang et al., 2016; Lee, 2015; Wang et al., 2016).
The primary objective of Industry 4.0 is to enhance flexibility, efficiency, and competitiveness in
manufacturing processes. Advanced economies which are ready for this transformation have swiftly
embraced this transformation, strengthening their global competitive advantage (Aygliin and Sati, 2022;
Sarvari et al., 2018). However, for developing countries, this transformation process presents numerous
challenges.

The adoption of Industry 4.0 in developing countries faces several obstacles, including infrastructure
deficiencies, the need for a skilled workforce, investment costs, and technological adaptation (Aygin and
Sati, 2022; Horvath and Szabd, 2019). While large-scale firms lead the transformation, the cost-benefit
analysis of this process is critical, especially for small and medium-sized enterprises (SMEs) (Jovanovski
et al., 2019).

The adoption of Industry 4.0 in developing countries is closely linked not only to economic factors but also
to workforce transformation and social change. Digitalization automates traditional manufacturing
processes, necessitating the acquisition of new skills by employees. This situation requires workforce
retraining and the enhancement of digital competencies (Pessl et al., 2017). Moreover, for developing
countries, defining digitalization strategies, restructuring industrial policies, and increasing international
competitiveness have become significant issues (Slusarczyk et al., 2021; Grabowska, 2018).

This study aims to develop a valid and reliable scale to measure the factors influencing the adoption of
Industry 4.0 in developing countries. Existing literature primarily focuses on developed economies, and
comprehensive scale studies evaluating the adaptation of developing countries to Industry 4.0 are quite
limited (Aygin and Sati, 2022; Horvath and Szabd, 2019). Therefore, this study will identify the key
determinants of Industry 4.0 adoption in developing countries and create a scale suitable for measuring
these factors. By obtaining more robust data in critical areas such as industrial policies, business strategies,
and workforce transformation, this study aims to provide decision-makers with a useful tool for policy and
strategy formulation.

Measurement can be defined as the assignment of numbers to objects (Aygiin and Sati, 2022; Wu et al.,
2016). In social sciences, scale development is an essential method used to systematically measure
individuals' attitudes, beliefs, and behaviors (DeVellis, 2012). Developing reliable and valid scales is crucial
for collecting accurate data and making sound inferences in social sciences. Additionally, measurement
studies prevent research from remaining purely theoretical by elevating it to an empirical level (Hays, 1973).
Such scale development efforts bring social sciences closer to natural sciences (Greer, 1989). By
quantifying qualitative findings, scale development plays a significant role in concretizing abstract concepts
(DeVellis and Thorpe, 2021; DeVellis, 2012).

Several scale development studies related to Industry 4.0 exist in the literature. Ghlolami et al. (2025)
developed a multi-item scale to measure Green Lean Six Sigma applications in the Industry 4.0 era. Sézbilir
(2021) designed a scale to assess employees' adaptation potential to Industry 4.0. Mishra et al. (2024)
conducted a scale development study to evaluate digitalization practices in supply chains. Pinto et al. (2025)
focused on collaborative robots and validated a scale designed to measure acceptance in the context of
human-robot interaction (HRI). Ozkanlisoy & Bulutlar (2022) developed a measurement tool for assessing
supply chain management practices in the field of disruptive technology. Leichtmann et al. (2023) designed
material to measure employees' attitudes toward mobile production robots working in collaboration with
humans. Simsek Demirbag (2021) examined the current state of Industry 4.0 in the literature, identify
research trends and gaps through thematic analysis, and assess the Industry 4.0 maturity levels, current
practices, advantages, and challenges faced by both main and subcontractor companies in Tirkiye’s white
goods industry. While all these studies are connected to Industry 4.0, none specifically address the factors
influencing its adoption in developing countries.

Without a reliable and well-validated scale, it becomes challenging to adequately assess the adoption of
Industry 4.0 technologies in developing countries, compare the digitalization levels of different industrial
sectors, and understand the impact of Industry 4.0 applications on performance. Our study aims to fill this
critical gap in literature.

The research questions that this study seeks to address are as follows:
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RQ1: What are the subdimensions affecting the adoption of Industry 4.0 in developing countries?

RQ2: How can we measure the different dimensions influencing the adoption of Industry 4.0 in developing
countries?

RQ3: How can a valid and reliable scale be developed to measure the factors influencing the adoption of
Industry 4.0 in developing countries?

Therefore, this study aims to identify the subdimensions affecting the adoption of Industry 4.0 in developing
countries and develop a valid and reliable scale to measure these dimensions.

The subsequent sections of this study are structured as follows: The literature review section provides the
requisite theoretical and empirical background; the methodology section delineates the research design
and analytical procedures; the findings section present the empirical results derived from the data analysis;
and finally, the conclusion synthesizes the study's key contributions, implications, and limitations.

2. LITERATURE REVIEW

Industry 4.0 refers to intelligent production systems integrated with information technologies, placing
digitalization at the center of manufacturing processes (Yin et al., 2017; Reischauer, 2018; Baio Junior and
Carrer, 2022). Today, this transformation enhances the efficient use of production factors, helping
businesses gain a competitive advantage in terms of flexibility, speed, and quality (Dalenogare et al., 2018).
Industry 4.0 transforms traditional manufacturing methods through integrated technologies. The key
components of this transformation include:

2.1. Cyber-Physical Systems (CPS)

CPS synchronizes physical production processes with digital networks, enabling real-time control and
digital modeling of machines and production equipment (Zezulka et al., 2016; Baio Junior and Carrer, 2022).
CPS is indispensable for transitioning to Industry 4.0, integrating information technologies with physical
operations (Lu, 2017; Wang and Wang, 2016; Duman and Akdemir, 2021). By enabling real-time decision-
making, CPS reduces resource consumption, increases efficiency, and supports sustainability (Prinz et al.,
2016). These systems enhance automation rates, improve monitoring, and optimize business processes
(Dey et al., 2018; Baio Junior and Carrer, 2022).

2.2. Internet of Things (loT)

IoT enables machines and sensors in factories to share data over the internet, making production processes
more autonomous and efficient (Wang et al., 2016). For example, IoT sensors in smart factories optimize
energy consumption, supporting sustainable production systems (Lu, 2017; Duman and Akdemir, 2021).
loT has broad applications in service industries (Rha and Lee, 2022), and studies highlight the importance
of network architectures in healthcare services (Dhanvijay and Patil, 2019; Pandya and Kumar, 2023).
Ghosh et al. (2016) propose an loT-based system for remote patient monitoring, improving healthcare
services. loT enhances interoperability, security, and operational efficiency by connecting objects through
unique identities and network protocols (Greengard, 2017; Xu et al., 2014). Additionally, 1oT reduces carbon
emissions, increases energy efficiency, and facilitates resource sharing (Atzori et al., 2017; Cevik Onar and
Ustundag, 2018).

2.3. Big Data and Analytics

Analyzing data from production processes enhances decision-making mechanisms and reduces error rates
(Raguseo, 2018). Predictive maintenance algorithms, for instance, minimize failure risks in production
facilities, increasing operational efficiency (Dalenogare et al., 2018). Big Data and Analytics (BDA)
techniques, such as text mining and analytics, help firms extract meaningful insights from customer data.
Studies by Schaeffer et al. (2014) and Donnelly et al. (2015: 422-442) emphasize that BDA enables SMEs
to derive value from collected data. Another critical application of BDA is detecting fraudulent activities in
online banking. Wongchinsri and Kuratach (2016) provide a detailed framework for using BDA techniques
to detect credit card fraud. Thus, BDA significantly enhances the sustainability of SMEs in the service
sector. Moreover, big data technologies transform large and complex datasets into valuable insights,
offering businesses real-time analytics and competitive advantages (Banger, 2017; Santos et al., 2017).
The integration of cloud computing further strengthens big data applications by providing scalable, cost-
effective, and efficient data management solutions (Basl, 2016).

2.4. Cloud Computing

Storing, analyzing, and sharing production data on cloud-based platforms enhances businesses’ remote
management capabilities (Frank et al., 2019; Baio Junior and Carrer, 2022). This allows production
processes to be synchronized across geographically dispersed facilities (Bag et al., 2021). Cloud
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Computing (CC) enables high-speed data access remotely and is increasingly adopted in the service sector
due to its scalability, mobility, and security advantages (Riazul Islam et al., 2015; Pandya and Kumar, 2023).
In the healthcare sector, CC facilitates efficient information dissemination and reduces medical record
errors.

2.5. 3D Printing

3D printing transforms digital 3D data into physical objects, reducing production costs and providing a
competitive advantage (Onday, 2017; Duman and Akdemir, 2021). It lowers costs for small-scale
production and allows for on-demand manufacturing of spare parts, enhancing production flexibility (Dopico
et al., 2016). Additionally, it accelerates prototyping and testing, facilitating product development (Popovich
et al., 2017). By enabling customized mass production, 3D printing shortens production times, reduces
costs, and fosters innovation while promoting eco-friendly manufacturing processes (Schwab, 2016).
Widely used in healthcare, education, industry, and services, 3D printing plays a crucial role in business
sustainability within Industry 4.0.

2.6. Robotics Applications

Advancements in robotics have enabled machines to provide services. The COVID-19 pandemic
accelerated the adoption of robotic solutions in hospitality and healthcare, reducing frontline workloads and
minimizing infection risks (Belanche et al., 2020). Humanoid robots enhance customer satisfaction and
comfort (Becker et al., 2022). Additionally, robots lower labor costs, increase efficiency, and improve
workplace safety (Gorgun, 2017; Salkin et al., 2018; Duman and Akdemir, 2021). Their integration allows
businesses to operate independently, improving operational efficiency under challenging conditions
(Banger, 2017; Richert et al., 2016).

2.7. Augmented Reality (AR) & Virtual Reality (VR)

AR and VR technologies, used in industrial training, maintenance, and remote support systems, enhance
workers' technical skills and improve production efficiency (Tortorella et al., 2020). AR integrates virtual and
physical environments, improving interactions and training experiences (Vaidya et al., 2018). In education,
AR is used for pilot training (Schaffernak et al., 2020), while in tourism and hospitality, it enhances customer
engagement (Flavian et al., 2021). Furthermore, AR improves product design, reduces costs, and shortens
development cycles (Mourtzis et al., 2020).

2.8. Artificial Intelligence (Al)

The use of Al-powered systems in production lines accelerates defect detection in quality control processes
and enhances robotic automation systems (Bag et al., 2020). Al-driven automated quality control systems
detect defects that are difficult for the human eye to identify, reducing error rates (Buchi et al., 2020). Al
enables precise diagnostics and intelligent decision-making, transforming industries such as healthcare,
banking, and e-commerce (Flavian and Casald, 2021; Giger, 2018). Al-powered smart medical devices
monitor and regulate health metrics (Metcalf et al., 2016; Pandya and Kumar, 2023). Al-based automation
boosts efficiency across industries, supporting sustainability.

2.9. Industry 4.0 Technologies and Productivity

Industry 4.0 technologies have both direct and indirect impacts on productivity. Smart manufacturing
systems reduce error rates, optimize processes, and shorten production times. Research suggests that
Industry 4.0 applications can increase factory productivity and reduce production costs (Baur and Wee,
2015).

The most frequently mentioned benefit of Industry 4.0 in the literature is increased productivity (Sagak
Duzgin et al., 2024). Industry 4.0 also enhances workforce productivity. Al-powered robots collaborate with
human workers, handling repetitive tasks while employees focus on high-value activities (Horvath and
Szabd, 2019). Additionally, smart supply chain management reduces inventory costs and optimizes
logistics processes (Bag et al., 2020).

3. METHODOLOGY

The primary aim of this study is to develop a measurement tool that assesses the impact of factors
influencing digital transformation on the adoption of Industry 4.0 in developing countries. This tool is
designed to be applicable across multiple developing nations, independent of country-specific conditions.

To develop a scale, Carpenter (2018) proposed a ten-step scale development method. The first step
involves reviewing the theoretical background and establishing the conceptual framework. Next, the
sampling method and sample size must be determined. Ensuring the quality of collected data is also
essential. Following this, a statistical evaluation should be conducted to determine whether factor analysis
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can be performed on the dataset. Once this is confirmed, factor analysis is carried out, requiring decisions
on the factor extraction method and the number of factors to be retained. Additionally, the appropriate
rotation method must be selected. The scale items should then be evaluated based on predefined criteria,
and finally, the results must be reported.

Boateng et al. (2018) proposed an alternative nine-step scale development methodology. According to this
approach, the first step is defining the research domain and generating scale items. The next step is
ensuring content validity. This is followed by a pre-testing phase for the survey items. Once these steps are
completed, the study moves on to sampling and survey administration. The subsequent stages involve item
reduction and factor extraction. Next, dimensionality tests are conducted, followed by reliability testing.
Finally, the validity of the scale is assessed. In this study, the scale was developed through six main steps,
as illustrated in Figure 1.

1.Content Literature Expert
Validity Review iz, ol Opinion
2.Face :
Validity Pilot Study
3.Survey Sampling Sample
Management Method Size
4.Construct Asesment Determination EFA CFA
Validity of Fitness of Method
5.Reliability Cronbach's
Analysis Alpha
. Evaluation
6. Reporting of Results

Figure 1. Scale development methodology applied in the study

This study represents one of the first systematically developed scales to measure the factors influencing
Industry 4.0 adoption in developing countries. Given that the literature on scale development is largely
confined to developed nations or specific sectors, this research fills a significant gap within the context of
developing countries.

4. FINDINGS
4.1. Ensuring Content Validity

As observed in similar studies, the first step in a scale development study is to define the scope and
establish the conceptual framework. The most appropriate method for this purpose is a systematic literature
review (Mishra et al., 2024; Ozkanlisoy and Bulutlar, 2022). In this study, the systematic literature review
was conducted following internationally recognized methodological steps in academic research.

In the initial phase of the literature review, known as the planning stage, search queries were defined, and
screening criteria were established. In this context, the term "Industry 4.0" was used as a keyword, along
with the names of countries classified as developing economies by the International Monetary Fund (IMF,
2021), including Argentina, Brazil, Chile, China, Colombia, Egypt, Hungary, India, Indonesia, Iran, Malaysia,
Mexico, the Philippines, Poland, Russia, Saudi Arabia, South Africa, Thailand, Turkey, and the United Arab
Emirates. Separate queries were conducted for each country. The scope of the search was set to begin
from 2011, the year the concept of Industry 4.0 was introduced, and only academic journal articles written
in English were included. The academic databases Scopus and Web of Science, which are widely
recognized in the literature, were chosen for the study.

The implementation phase of the systematic literature review was carried out in March and April 2023.
Initially, searches were conducted in the Scopus database, where country names were queried in the title,
keywords, and abstract sections of the articles. The term "Industry 4.0" was searched only in the keywords
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and abstract sections. A similar search strategy was applied in the Web of Science database, and the
retrieved publications were recorded.

In the final evaluation stage of the retrieved articles, duplicate records were removed by identifying
publications that appeared in both databases and those returned in multiple country queries. Next, the
abstracts of the articles were reviewed, and publications that did not meet the following criteria were
excluded:

e Articles published in languages other than English,

¢ Articles focusing solely on a specific disruptive technology rather than the general concept of Industry
4.0,

Technically focused articles,

Publications not centered on Industry 4.0,

Studies that did not examine developing countries,

Articles containing only bibliometric analysis,

Publications retracted by the authors.

Finally, the included articles were analyzed in detail using the document analysis method, and factors
influencing the adoption of Industry 4.0 in developing countries were identified based on the conceptual
framework. A 44-item item pool was then created in alignment with this framework.

To confirm the alignment of the prepared item pool with the study's objectives, it was shared with three
professors and one associate professor specializing in both industry and academia, as well as a business
owner with expertise in survey research. Based on expert opinions, the number of items was reduced to
41. Through this process, content validity for the scale was ensured.

At the end of this phase results of revealed 10 distinct constructs namely “Perceived Technological
Usefulness in Achieving Sustainability”, “Perceived Technological Usefulness in Achieving a Circular
Economy”, “Perceived Technological Usefulness in Supply Chain Performance”, “Readiness”, “Innovation”,
“Awareness”, “Quality Management”, “Education System”, “Competencies”, “Plan, Policy, and Strategy

Studies”.
4.2. Establishing Face Validity

Before the large-scale administration of the survey, a pilot study was conducted with 61 participants to
assess the adequacy of the scale (Isaac and Michael, 1995; Hertzog, 2008; Johanson and Brooks, 2010;
Chahal et al., 2018). The pilot study employed a five-point Likert scale consisting of items deemed
appropriate in the previous phase. The scale ranged from 1 (strongly disagree) to 5 (strongly agree). The
five-point Likert scale has been frequently preferred in similar studies in the literature (Sézbilir, 2021: 704-
721; Gholami et al., 2025: 179-202). Participants were asked to provide feedback on the clarity of the
included items, the appropriateness of their order and length, and the adequacy and meaningfulness of the
response options.

Although some participants expressed negative feedback regarding the measurement adequacy of items
related to quality management and maturity/readiness levels, these items were not removed from the
survey as they did not compromise its face validity. The reliability coefficient calculated from the 61
responses obtained in the pilot study was 0.954. At this stage, face validity was confirmed, and the survey
was deemed suitable for the data collection process.

4.3. Survey Implementation

After finalizing the survey form, an online survey was conducted to collect data from relevant sectors to test
the validity of the scale. Before implementation, approval for the study was obtained from the Ethics
Committee of Atatirk University.

The study participants were employees working in firms operating in the manufacturing and industry,
information technology, energy and infrastructure, healthcare and medical technology, logistics and
transportation, and finance and banking sectors in Turkey. Participants were selected using purposive
sampling and convenience sampling methods.

Purposive sampling is a method that involves the deliberate selection of participants most relevant to the
research topic and objectives. This approach is widely used in qualitative research and allows researchers
to select individuals or groups that best represent a particular phenomenon (Patton, 2002). Convenience
sampling, on the other hand, involves selecting participants who are most easily accessible to the
researcher. This method was preferred due to its advantages in terms of time and cost (Etikan et al., 2016).
The target participants included white-collar employees in decision-making positions and those directly
influencing the technical aspects of the transition to Industry 4.0, such as senior executives (CEOs, general
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managers, directors), mid-level managers (department heads, branch managers, team leaders),
specialists/engineers (technical experts, project managers, consultants), and operational-level employees
(technicians, operators, analysts). The study aimed to assess factors influencing the adoption of Industry
4.0 technologies. Therefore, gathering the perspectives of decision-makers, experts, engineers, and
operational employees was deemed more appropriate (Rogers, 2003). The focus of the research was to
evaluate the views of professionals who directly interact with and drive the digitalization process. Since
blue-collar employees are generally not involved in strategic decision-making and digital transformation
initiatives, their data may not sufficiently contribute to the study's objectives (Venkatesh et al., 2003: 425-
478). For this reason, blue-collar workers were not included in the sample.

Various approaches exist in the literature regarding the determination of sample size. Comrey and Lee
(1992) provided the following guidelines for sample sizes in exploratory factor analysis: 50 (very poor), 100
(poor), 200 (fair), 300 (good), 500 (very good), and 1000 (excellent). Guadagnoli and Velicer (1988), based
on their simulation studies with different sample sizes, suggested that a minimum of 300—450 participants
is necessary to observe an acceptable pattern comparability. Tabachnick and Fidell (2013) recommended
a 5:1 ratio for factor analysis. The research data were collected from 400 participants via an online survey
in November and December 2024. The online survey was distributed to participants using Google Forms.

Table 1. Demographic Statistics

Demographic Frequency Percentage
Gender Female 232 58
Male 168 42
Age 18-29 119 29,8
30-39 177 443
40-49 80 20
50 and over 24 6,1
Position Senior Executives 30 7,5
Mid-Level Managers 107 26,8
Specialists/Engineers 112 28
Operational-Level Employees 151 37,8
Business Sector Manufacturing Industry 161 40,3
Information Technology 78 19,5
Energy and Infrastructure 19 4,8
Health and Medical Technology 65 16,3
Logistics and Transportation 46 1.5
Finance and Banking 31 7,8
Business Scale Small 128 32
Medium 116 29
Large 156 39

The demographic characteristics of the 400 participants in this study are presented in Table 1. In terms of
gender distribution, 58% of the respondents were female, while 42% were male. Regarding age groups,
the majority of participants were between 30-39 years old (44.3%), followed by those aged 18-29 (29.8%),
40-49 (20%), and 50 and over (6.1%).

In terms of professional positions, 37.8% of respondents were operational-level employees, 28% were
specialists or engineers, 26.8% were mid-level managers, and 7.5% were senior executives. The business
sector distribution indicated that the highest proportion of participants worked in the manufacturing industry
(40.3%), followed by information technology (19.5%), health and medical technology (16.3%), logistics and
transportation (11.5%), finance and banking (7.8%), and energy and infrastructure (4.8%).

Lastly, business scale analysis showed that 39% of the participants were employed in large enterprises,
32% in small enterprises, and 29% in medium-sized enterprises. These demographic findings provide a
comprehensive overview of the sample composition, ensuring a diverse representation across different
sectors, job positions, and company sizes.

4.4. Establishing Construct Validity

Exploratory Factor Analysis (EFA) was employed to establish the construct validity of the developed scale.
Factor analysis is a statistical technique aimed at reducing a set of related variables into a smaller number
of uncorrelated and conceptually meaningful factors (Leech et al., 2005).

Researchers utilize EFA during scale development to mitigate the possibility of errors in their assumptions
about the dimensions of the construct and to ensure item quality (Gholami et al., 2025; Sozbilir, 2021;
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Mishra et al., 2024; Pinto et al., 2025; Ozkanlisoy and Bulutlar, 2022; Jamwal et al., 2023; Leichtmann et
al., 2023).

A common error in EFA is the use of Principal Component Analysis (PCA), which differs conceptually and
mathematically from common factor analysis. Instead, Principal Axis Factoring (PAF) or Maximum
Likelihood (ML) should be selected (Carpenter, 2018).

Rotation is essential for clarifying the factors (or dimensions) of the scale. Two types of rotation are
available: oblique and orthogonal. Orthogonal rotation produces uncorrelated factors, but in social sciences,
factors are rarely uncorrelated. Oblique rotation options include Direct Oblimin and Promax, both allowing
factors to correlate. Promax is suggested to yield more robust results (Thompson, 2004).

For the above reasons, Principal Axis Factoring and Promax rotation were used to test the construct validity
of the scale in this study. The EFA was conducted using IBM SPSS Statistics 20. The fitness of the sample
for factor analysis was assessed initially. According to Field (2013), Bartlett's test of sphericity should yield
p <0.01, and the minimum recommended Kaiser-Meyer-Olkin (KMO) value should be 0.60. For the sample
of 400, the KMO value was 0.944, indicating sufficient sample size for EFA. Bartlett's test yielded x2 (276)
= 4987.351, p < 0.05, demonstrating adequate inter-item correlation for EFA.

The initial stage of the study, involving a literature review and content analysis, revealed 10 distinct
constructions, each potentially representing a separate factor. To examine this 10-factor structure, an
Exploratory Factor Analysis (EFA) was conducted on 40 items with a suppression value of 0.30, forcing a
10-factor solution. This approach is supported by prior research where a predetermined number of factors
were specified (Pinto et al., 2025; Krageloh et al., 2019, 88; Nomura et al., 2012, 242). In the Scale an
additional item (item 41) was included to directly assess Industry 4.0 adoption. However, due to its single-
item nature, it was excluded from the factor analysis. Instead, the EFA focused solely on items representing
the multidimensional construction.

The initial EFA revealed cross-loadings and misplacements among items related to Readiness and Maturity
Levels, consistent with feedback from the pilot survey. Consequently, these 8 items were removed due to
compromised construct validity. A subsequent EFA, forcing an 8-factor solution, led to the removal of 8
more cross-loading items. The final EFA resulted in a 25-item scale loading onto 8 factors, explaining
59.22% of the total variance. Table 2 shows the factors loadings of the items. Since the original survey is
in Turkish, the final version of the items in Turkish can be found in the appendix. The first factor represents
perceived technological benefits in achieving a circular economy. The second factor is planning, the third
factor is perceived technological benefits in supply chain performance, and the fourth factor is perceived
technological benefits in sustainability. The remaining factors are awareness, education system, workforce
qualifications, and innovation, respectively.

To validate the factor structure identified through Exploratory Factor Analysis (EFA), Confirmatory Factor
Analysis (CFA) was conducted using IBM SPSS AMOS Version 20, as is common practice in similar studies
(Gholami et al., 2025; Sézbilir, 2021; Mishra et al., 2024; Pinto et al., 2025; Ozkanlisoy and Bulutlar, 2022;
Jamwal et al., 2023; Leichtmann et al., 2023). Confirmatory Factor Analysis is an evaluation method that
allows for the comparison of a predetermined factor structure based on systematic goodness-of-fit
evaluation procedures and estimates the relationship between latent constructs free from measurement
errors. In this process, the extent to which the model explains the obtained data is determined by goodness-
of-fit indices. Goodness-of-fit tests enable the decision to accept or reject the model.

The 8-factor, 24-item scale structure derived from the EFA was used as input for the Confirmatory Factor
Analysis (CFA). Based on this EFA model, a measurement model (Figure 2) was developed for the CFA,
and the goodness-of-fit index values of this measurement model were examined and evaluated. The
Maximum Likelihood method was employed as the estimation method. To utilize the Maximum Likelihood
estimation method, the data must exhibit a normal distribution (Tabachnick and Fidell, 2013). They stated
that skewness and kurtosis values should be between -1.5 and +1.5 to ensure the normality assumption.
In the research model, these values ranged between -1.103 and +1.259, thus the normality condition was
satisfied.

The standardized factor loadings of all items in the CFA were found to be greater than 0.6, and as shown
in Table 3, the goodness-of-fit indices of the measurement model indicate an excellent fit. At this stage,
there was no need to make any modifications to the scale, such as removing items. Thus, the fit criteria for
the measurement model of Industry 4.0 adoption in developing countries were met.
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Table 2. Factors and Factor Loadings

Item Factor Loading
No F1

F2 F3 F4

F5

Fé6

F7 F8

Item

1

10

11

12

19

20

22

23

24

29

30

0,506

0,780
0,955

0,815

0,462

0,834

0,547

0,354

0,489

0,789
0,707

0,496

0,473

0,690

0,601

0,575

0,923

0,651

0,472

The digital transformation targeted by Industry 4.0 in the field
of industry, supports society and industry in achieving
sustainability goals.

In a developing country, Industry 4.0 applications provide
benefits on social sustainability issues such as meeting the
basic needs of people like health, education, food, water and
shelter.

In a developing country, Industry 4.0 applications provide
benefits on economic sustainability issues such as ensuring
a long-term perspective in the economy, regulating the
finance industry, reducing national debt, etc.

In a developing country, Industry 4.0 applications provide
benefits on environmental sustainability issues such as global
warming, climate change, etc.

In developing countries, Industry 4.0 applications are
beneficial for the transition from a linear economy to a circular
economy.

In developing countries, Industry 4.0 technologies increase
the efficiency of circular economy applications.

In developing countries, Industry 4.0 supports the transition
to a circular economy.

The adoption of Industry 4.0 helps to improve the circular
economy by providing operational and strategic information
on time.

Industry 4.0, by making the entire supply chain smarter,
enables the rapid production of products needed by
customers.

Industry 4.0 facilitates information sharing in supply chains
digitally through horizontal and vertical integrations.

Industry 4.0 applications provide agility and flexibility in supply
chain management.

Using digitalized solutions helps firms cope with internal and
extenal changes and uncertainties and succeed in a
competitive environment.

Disruptive technologies such as artificial intelligence, which
Industry 4.0 is based on, offer businesses the opportunity to
create new business opportunities with the innovation
support they provide.

The technologies provided by Industry 4.0 play a critical role
in establishing mutual trust, which is a key challenge in the
open innovation process.

In order to reach the determined level of digitalization, firms
must first be aware of the innovations brought by Industry 4.0
and the advantages and disadvantages provided by this
phenomenon.

The lack of awareness regarding the requirements and
impact of Industry 4.0 technologies in firms reduces their
chances of exploring opportunities related to Industry 4.0.
Lack of information is one of the inhibiting factors in the
transition to Industry 4.0.

In developing countries, the preparation of the workforce for
the future by education systems affects the transition to
Industry 4.0.

Increasing the competencies of teachers in vocational
schools and universities regarding Industry 4.0 affects the
transition of developing countries to Industry 4.0.
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Item Factor Loading

No F1 F2 F3 F4 F5 F6 F7 F8 ltem

35 0,498 In the transition to Industry 4.0, leaders must possess technical and
digital skills that enable them to navigate and communicate in the digital
world while adapting to disruptive technologies.

36 0,509 The gap between the competencies possessed by the current
workforce and the competencies associated with Industry 4.0 creates
a significant obstacle to the economic development of developing
countries.

37 0,763 A comprehensive industrial policy is necessary for the sustainability of
advancements like Industry 4.0.

38 0,850 Organizations need innovative strategies and government policies to
successfully implement Industry 4.0.

39 0,664 To foster the development of necessary technologies for Industry 4.0
adoption, enabling regulations should be implemented for innovation
and entrepreneurship ecosystems.

) @ @ @ € @ €@ @ @ @ @ ¢
0o 2 O O 7

13

13

£18

€13
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Figure 2. CFA measurement model

Table 3. DFA Fit Indices

indices Referans Value Measured Value
CMIN/DF <3 2,211
NFI >0.90 0,903
CFlI >0,90 0,944
GFlI >0,90 0,905
RMSEA <0,07 0,055

Source: The reference values were obtained from the studies by Gholami (2024: 179-202) and Mishra et al. (2024:1278-1297).
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4.5. Reliability Analysis

Evaluating reliability is a critical step in determining the psychometric properties of a scale (Churchill, 1979).
In this study, item-total correlations and Cronbach's alpha coefficient were calculated to measure the
internal consistency of the digitalization scales (Nunnally and Bernstein, 1994).

The analysis revealed that all item-total correlations were above the threshold value of 0.30. The lowest
item-total correlation value was calculated as 0.514, which indicates sufficient internal consistency of the
scale (Hair et al., 2014). Furthermore, the Cronbach's alpha coefficient was found to be 0.942,
demonstrating that the scale possesses excellent internal consistency (Nunnally and Bernstein, 1994).

Reliability analysis was used to identify inconsistent items at the item level and to evaluate the quality of
the scale (Hair et al., 2014). The scale's reliability is supported by item-total correlations exceeding the
threshold of 0.50 and item-item correlations being higher than 0.30, which are among the most common
methods for assessing internal consistency (Hair et al., 2014). Additionally, due to the Cronbach's alpha
coefficient being significantly above the threshold of 0.70, there was no need to make any changes to the
scale (Nunnally, 1978).

In conclusion, the calculated Cronbach's alpha and item-total correlation values demonstrate that the
current dataset is highly reliable (Hair et al., 2009; Nunnally and Bernstein, 1994).

5. CONCLUSION and EVALUATION of FINDINGS

This study conducted a comprehensive scale development process to identify and measure the factors
influencing the adoption of Industry 4.0 in developing countries. Utilizing rigorous methodological
approaches such as systematic literature reviews, expert opinions, pilot studies, and factor analyses, this
scale aims to understand the key variables affecting Industry 4.0 adoption at both academic and practical
levels.

Altough the initial stage of the study, involving a literature review and content analysis, revealed 10 distinct
constructs namely “Perceived Technological Usefulness in Achieving Sustainability”, “Perceived
Technological Usefulness in Achieving a Circular Economy”, “Perceived Technological Usefulness in
Supply Chain Performance”, “Readiness”, “Innovation”, “Awareness”, “Quality Management”, “Education
System”, “Competencies”, “Plan, Policy, and Strategy Studies”. In this study, the developed dimensions
are generally consistent with the existing literature. However, while some studies in the literature support
the inclusion of "Readiness and Maturity Levels" (Avila Bohérquez and Gil Herrera, 2022; Brodny and Tutak
2023, Stawiarska et al. 2021) and "Quality Management"(Ganjavi and Fazlollahtabar, 2021; Kannan and
Garad, 2020) as distinct dimensions, the results of the Exploratory Factor Analysis (EFA) do not support
these structures within the context of this research.

Numerous studies have shown that Industry 4.0 technologies can increase production efficiency, reduce
costs, and enhance labor productivity by reallocating human effort to higher value-added tasks (Baur and
Wee, 2015; Rikalovic et al., 2021; Sagak Diizgin et al., 2024). Therfore it is important for emerging
countries to investigate how to apply Industry 4.0 widely. The findings of the study indicate that
technological, organizational, environmental, and socio-economic factors play a critical role in the transition
to Industry 4.0. The results of the factor analysis have demonstrated that the scale possesses a reliable
and valid structure, enabling a more systematic examination of the digital transformation processes of
businesses in developing countries.

This research augments the existing literature in three significant ways. Firstly, it extends the previously
fragmented and constrained conceptual understanding of Industry 4.0 adoption through the development
of a holistic and integrated measurement scale. Secondly, by focusing on developing nations, this study
addresses the current gap in research, which is predominantly oriented towards developed economies, and
provides a tailored framework for these countries. Thirdly, the insights generated from this work offer
actionable guidance for academic scholars, policymakers, and industry practitioners.

Limitations of The Study: Firstly, in the phase of literature, review only the research in form of arcticles
included. For a boarder look into developing countries thesis and other academical reseach could be
included. Secondly, during the literature review period academic databases are queried only once for each
developing country. This may couse overlooking of some of the articles which is published in that period
but after the exact query for that country. Lastly, in the phase of pilot study sample size is limited. Although
sample size of 61 is above the trashold value mention in literature, it would have been statistically more
powerful with a sample size of more than 100.

Recommendations for Policymakers: To accelerate the Industry 4.0 transformation in developing
countries, policymakers should implement structural reforms that encourage technological adaptation.
Primarily, financial support mechanisms such as tax reductions, subsidies, and low-interest loans should
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be established to incentivize businesses to adapt to digital transformation. Additionally, education curricula
should be updated, and university-industry collaboration should be enhanced to cultivate a skilled workforce
necessary for the adoption of Industry 4.0 technologies. Furthermore, regulatory frameworks should be
developed in areas such as data security, cybersecurity, and intellectual property rights to ensure the safe
and sustainable progression of the digital transformation process.

Recommendations for Businesses: Adapting to Industry 4.0 technologies is critical for businesses to
gain a long-term competitive advantage. In this context, companies should develop digital transformation
strategies and integrate technologies such as robotics, artificial intelligence, and big data analytics to
optimize production processes. However, technological transformation should not be Ilimited to
infrastructural investments alone. Continuous training programs should be organized to enhance
employees' digital skills, and awareness of digitalization should be raised within the business culture. In
particular, SMEs should be encouraged to effectively utilize government support to overcome the financial
and technical barriers they face during the digital transformation process.

Recommendations for Academicians and Researchers: While the findings of this study provide
significant contributions to the understanding of the factors influencing Industry 4.0 adoption, they also offer
various avenues for future research. Firstly, in-depth studies should be conducted to examine how Industry
4.0 is shaped by local and cultural dynamics. Additionally, the scale developed in this study should be
applied across different sectors and regions to test its generalizability. Future research can focus on
analyzing the long-term effects of Industry 4.0 investments on businesses' productivity, profitability, and
employment structure.

In conclusion, this study not only contributes to academic literature by developing a systematic scale for
the adoption of Industry 4.0 technologies in developing countries but also provides various practical
recommendations for policymakers, businesses, and academicians. Effective management of the digital
transformation process will only be possible through the collaboration of all stakeholders and will ensure
the maximum utilization of the opportunities offered by Industry 4.0.
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APPENDIX

Table A1. Turkish scale items from original questionnaire

1) E4.0’In sanayide hedefledigi dijital donlsim, toplumu ve sanayiyi surdurilebilirlik hedeflerine ulasmada
destekler.

2) Gelismekte olan bir tlkede, E4.0 uygulamalari insanlarin saglik, egitim, gida, su ve barinma gibi temel
ihtiyaclarinin karsilanmasi gibi sosyal surdirdlebilirlik konularinda fayda saglar.

3) Gelismekte olan bir tlkede, E4.0 uygulamalari ekonomide uzun vadeli bir bakis agisinin saglanmasi,
finans endustrisinin diizenlenmesi, ulusal borcun azaltilmasi vb. ekonomik surdurulebilirlik konularinda
fayda saglar.

4) Geligmekte olan bir llkede, E4.0 uygulamalari kiresel i1sinma, iklim degisikligi, vb. cevresel
surdurulebilirlik konularinda fayda saglar.

Doénglsel ekonominin saglanmasi konusunda algilanan fayda

5) Gelismekte olan Ulkelerde E4.0 uygulamalari lineer ekonomiden dongisel ekonomiye gegis igin
faydalidir.

6) Gelismekte olan Ulkelerde E4.0 teknolojileri ddngusel ekonomi uygulamalarinin verimliligini arttirir.

7) Gelismekte olan Ulkelerde E4.0, dongusel ekonomiye gegisi destekler.

8) E4.0’in benimsenmesi, operasyonel ve stratejik bilgiyi zamaninda saglayarak dongusel ekonomiyi
gelistirmeye yardimci olur.

9) E4.0, tum tedarik zincirinin daha akilli olmasini saglayarak, musterilerin ihtiya¢g duydugu dranlerin hizli
bir sekilde Uretilmesini saglar.

10) E4.0, yatay ve dikey entegrasyonlarla tedarik zincirlerinde dijital bilgi paylasimini kolaylastirir.

11) E4.0 uygulamalari, tedarik zinciri yonetiminde ¢eviklik ve esneklik saglar.

12) Dijitallestiriimis ¢o6ziUmler kullanmak, firmalarin ic ve dis degisikliklerle ve belirsizliklerle basa
¢lkmalarina ve rekabet ortaminda basarili olmalarina yardimci olur.

19) E4.0'in temel aldi§i yapay zeka gibi yikici teknolojiler isletmelere sunduklari yenilik destegi ile
isletmelere yeni is firsatlari yaratma olanagi sunar.

20) E4.0'in sagladigi teknolojiler, acik yenilik sirecinde temel zorluk olan kargilikh glvenin tesis
edilmesinde kritik bir rol oynar.

22) Dijitallesme konusunda belirlenen seviyeye ulasmak icin dncelikle firmalarin E4.0'in getirdigi
yeniliklerden ve bu olgunun sagladigi avantaj ve dezavantajlardan haberdar olmasi gerekir.

23) Firmalardaki E4.0 teknolojilerinin gereksinimleri ve etkisi konusundaki farkindalik eksikligi firmalarin
E4.0 ile baglantil firsatlari kesfetme sanslarini azaltmaktadir.

24) Bilgi eksikligi E4.0’a geciste engelleyici faktorlerden biridir.

29) Gelismekte olan Ulkelerde egditim sistemlerinin is gliciini gelecege yonelik olarak hazirlamasi, E4.0’a
gegisi etkiler.

30) Mesleki okullardaki ve Universitelerdeki 6gretmenlerin E4.0 konusundaki yetkinliklerinin artiriimasi,
gelismekte olan Ulkelerin E4.0’a gegisini etkiler.

35) E4.0’a gegiste liderler, yikici teknolojilere adapte olurken dijital dinyada gezinmelerini ve iletisim
kurmalarini saglayacak teknik ve dijital yeteneklere sahip olmalidirlar.

36) Mevcut is gucunun sahip oldugu yetkinlikler ile E4.0 ile iligkilendirilen yetkinlikler arasindaki fark,
gelismekte olan Ulkelerin ekonomik kalkinmasi igin dnemli bir engel teskil etmektedir.

37) E4.0 gibi ilerlemelerin surdurilebilmesi igin kapsamli bir sanayi politikasi gereklidir.

38) Organizasyonlarin E4.0’1 basariyla uygulayabilmesi igin yenilikgi stratejilere ve hiikiimet politikalarina
intiyaclari vardir.

39) E4.0’a gegiste gerekli teknolojinin gelismesi igin yenilik ve girisimcilik ekosistemleri igin kolaylastirici
duzenlemeler yapilmasi gerekmektedir.

41) Gelismekte olan (lkelerde E4.0 uygulamalarinin benimsenmesi Ulkelerin rekabet giicl, ekonomik
blyUmesi ve sanayide verimliligi arttirmak agisindan dnemlidir.
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