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Abstract: The digitization of production processes in the manufacturing sector represents a pivotal transformation
that fundamentally reshapes how companies achieve productivity, make informed decisions, and secure a competitive
advantage. This research investigates the integration of Industry 4.0 technologies—including the Internet of Things
(IoT), big data analytics, 3D printing, robotics, and artificial intelligence (AI)—within traditional manufacturing
systems. The study focuses on three key dimensions driving digital transformation in manufacturing firms and
examines their impact on digital platforms, which are increasingly critical for maintaining competitiveness in the
digital age. The adoption of these platforms facilitates the seamless integration of Industry 4.0 technologies, thereby
enhancing the growth potential and innovative capacity of manufacturing companies. This investigation involves
a comprehensive analysis of data collected from 635 valid surveys across six countries—Serbia, Hungary, Poland,
Slovakia, the Czech Republic, and Bulgaria—using Structural Equation Modeling (SEM). The findings confirm the
significant influence of positive employee attitudes toward digitization and the intention to utilize digital tools on the
successful adoption of Industry 4.0 technologies. These results underscore the necessity of fostering a culture that
supports digital transformation, which, in turn, improves the efficiency and competitiveness of manufacturing firms.
This study provides valuable insights into the future trajectory of digitization in the manufacturing sector, highlighting
the essential role of digital platforms in the ongoing evolution of the industry.

Keywords: Digital transformation; Manufacturing sector; Industry 4.0 technologies; Production processes;
Competitive advantage; Structural Equation Modeling

1 Introduction

The manufacturing industry has seen an important transition in recent times due to increasing global competition
and the requirement for more adaptability [1]. Companies are implementing new strategies and technologies to improve
their manufacturing processes in order to exist. This transformation is necessary for achieving improved connectedness
and harmonization throughout all business processes and systems at all hierarchical levels of the organization and
among all participants in the value chain [2]. As a result, Industry 4.0 technologies which include the IoT, big data
analytics, 3D printing, robotics, advanced supply chain management, vertical integration, AI, 5G network, and virtual
reality, have caused a paradigm shift that has greatly advanced manufacturing companies [3, 4]. This new technology
wave initiated the development of digitization, automation, and data sharing in manufacturing [5]. According to
the study conducted by Silvestri et al. [6], the digitalization of industrial processes prompts a transformation of
conventional operating methods toward a more intelligent and interconnected framework. This indicates a fundamental
transformation within the manufacturing industry. Managers and operators of manufacturing companies face numerous
challenges brought about by the digital transition of manufacturing processes and systems [7]. Automation and
digitization in production allow managers to improve decision-making to achieve a competitive advantage in an
increasingly digital marketplace and operators to optimize their operations [8].
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Integrating Industry 4.0 technologies into manufacturing systems requires adopting business models that heavily
rely on digital platforms to utilize specialized, innovative digital tools and technologies as a means to achieve
a competitive advantage [9, 10]. Digital platforms have appeared as tools for companies striving to maintain
competitiveness in the digital era [9, 11]. By allowing for easy integration and application of Industry 4.0 technologies,
digital platforms intensify manufacturing companies’ innovation and growth potential [12].

Despite the numerous studies dealing with the digitization of production processes and the implementation of
Industry 4.0 technologies, there is a literature gap regarding operators’ attitudes and intentions regarding using
digital platforms to facilitate the integration and operationalization of advanced technologies in manufacturing
companies. Also, the existing research focused on analyzing highly industrialized countries, leaving a gap regarding
the experiences and challenges companies face in developing economies.

Therefore, this paper aims to examine the crucial dimensions that drive manufacturing companies towards accepting
digital platforms as a prerequisite for integrating and applying Industry 4.0 technologies. The dimensions that are
analyzed are the attitudes, behavioral intentions, and intentions to use digitization by employees of manufacturing
companies. For this purpose, four hypotheses were developed based on a deep literature review, which indicate
that behavioral intention positively influences the use of digital platforms. Then, the second hypothesis is that the
intention to use digital platforms positively affects their adoption. The third hypothesis points to the attitude towards
digitization positively influencing the use of digital platforms. The last hypothesis deals with the acceptance of digital
platforms positively affecting the adoption of Industry 4.0 technologies. Additionally, the research’s focus spans
six different countries, including Serbia, Hungary, Poland, Slovakia, the Czech Republic, and Bulgaria, providing a
comprehensive view of the level of digitization in developing nations in manufacturing companies.

The study is structured as follows: an introduction is the first section, and then there is a literature review. The
methodology is covered in detail in the third section, and the data analysis and results are shown in the fourth. A
discussion of the findings comes next, and a conclusion is given in the last section.

2 Literature Review

Over time, industries have faced numerous challenges stemming from both internal and external environments [13].
Companies had to adopt sophisticated digital strategies, necessitating a dramatic change in production systems and
manufacturing procedures [14]. Developing economies are particularly affected by the adoption of Industry 4.0
technologies, which significantly affect sustainability at the level of processes, systems, and products. These economies
are increasingly focusing on the application of new technologies due to increased investments by multinational
corporations, which encourages their integration into global flows [15]. One of the most revolutionary changes in
the manufacturing sector, Industry 4.0, solved these issues by pointing to the real-time value-added digitization
of production systems and manufacturing processes. Industry 4.0 has made several cutting-edge technological
solutions available that can greatly increase productivity and empower workers to act quickly [13, 16]. According
to Zhong et al.’s study [17], it can be defined as the digital transformation of industrial sectors that incorporate
smart manufacturing. Urban et al. [18] suggested that the technologies of Industry 4.0 should be highlighted as
pivotal to the emerging production era known as smart factories or smart manufacturing. According to Kusiak’s
study [19], smart manufacturing entails incorporating digital technologies into every facet of an organization’s
procedures and methods. Organizations can achieve advanced communication between machines and operators
through the digitization of manufacturing systems and processes, resulting in increased productivity and a more
efficient production environment [20].

Despite the vast potential and benefits of Industry 4.0 technologies, the literature highlights many issues with their
adoption [21]. In the study conducted by Sinha and Kumar [22], it indicates the issues that prevent the manufacturing
sector from applying Industry 4.0 and the consequences that will be faced in the future. Implementing smart
production and Industry 4.0 principles depends on manufacturers’ willingness and intention to adopt digital tools and
technologies in their production processes [23]. Producers’ intentions, attitudes, and behaviors regarding using digital
tools in production processes reflect their subjective state.

Therefore, intention to use can be described as the user’s belief and willingness to develop an attitude towards
a certain object and manifest it through specific future behavior [24]. Also, behavioral intention determines the
adoption of technological tools and the use of digitization [25]. Gajendragadkar et al. [26] examined how employees’
behavioral intentions regarding digital learning platforms can influence the adoption of digitization, which will result
in improved performance. In light of that, the following hypothesis was developed:

Hypothesis 1: Behavioral intention positively influences the use of digital platforms.
The desire to continue employing a particular technology is referred to as behavioral intention [27]. According

to Moghavvemi et al.’s study [28], behavioral intention includes the choice of the individual to accept or reject the
utilization of new technologies to improve business performance. It includes the interest of the individual or the
desire to take part in particular technological activities [29]. Thun et al. [30] examined the relationship between
operators’ desire to implement Industry 4.0 technologies through digital tools and the requirement to create tools
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that will facilitate their operations. They point out the necessity of giving operators greater autonomy and authority
in developing actions for the application of advanced technological tools. Also, Songkram et al. [31] emphasized
that behavioral intention has a major impact on how digital learning platforms are employed, suggesting that higher
adoption rates are associated with higher intentions to utilize these platforms. It is highlighted in a study by Venkatesh
et al. [32] that the intention of users’ behavior indicates the degree to which users intend to use digital learning
platforms. The authors point out that the adoption of digital platforms depends primarily on the operator’s intention to
use them, but other specific factors, depending on the environment, affect the user’s behavior intention to accept these
platforms. In light of the demonstrated relationship between the concepts, the following hypothesis may be proposed:

Hypothesis 2: Intention to use digital platforms positively affects their adoption.
Given that new technologies are essential for digital transformation, many studies continue to emphasize that

workers’ attitudes are crucial for the successful adoption of Industry 4.0 [33]. Moreover, the adoption of digitization
in the company depends on the attitude of the decision-makers [34]. The attitude towards digitization is a prerequisite
for the acceptance of digital tools [35]. Also, in Cordero et al.’s study [36], it indicates attitudes toward innovation are
essential to accepting digitization. According to the authors, attitude represents a positive or negative feeling towards
adopting a certain technology. In manufacturing settings, digital systems are increasingly crucial as a link between
humans and machines [37]. According to Thalmann et al.’s study [38], employee attitude towards digitalization and
organizational culture are key to successfully facing the issues in smart manufacturing. For this purpose, employees
must acquire the necessary knowledge to properly manage digitized production processes.

Hypothesis 3: Attitude towards digitization positively influences the use of digital platforms.
Industry 4.0 acceptance is essential for producers to stay competitive [39]. The defining feature of Industry 4.0 is

the significant transformation in the interconnection of production systems, powered by the integration of machines
into cyber-physical systems [40, 41]. Because of that, today, Industry 4.0 is considered a smart manufacturing era,
as indicated by the use of connectivity digital platforms in the industry [42]. The acceptance of digital platforms
positively influences the acceptance of Industry 4.0 technologies [39]. In this context, horizontal integration is one of
the important features of Industry 4.0, referring to the complete connection of different processes and systems within
an industry through digital technologies [40]. Integrated engineering systems have a crucial role in connecting people,
devices, and systems through digital platforms to simplify collaboration between people, machines, and systems [43].
In addition, the role of Industry 4.0 technologies such as the IoT, big data analytics, 3D printing, robotics, advanced
supply chain management, AI, 5G networks, and virtual reality (VR) in manufacturing companies is key to improving
efficiency, productivity, and innovation [3, 4]. In light of all above factors, the following hypothesis was developed:

Hypothesis 4: Acceptance of digital platforms positively affects the adoption of Industry 4.0 technologies.
According to the proposed hypotheses, the conceptual model comprises five latent variables that can be seen in

Figure 1.

Figure 1. Conceptual model

3 Methodology

For research, a survey was conducted utilizing an online questionnaire. The managers and employees of production
companies were given this questionnaire by personal email and the LinkedIn platform. The questionnaire consisted of
two groups of questions. The first group involves the demographic characteristics of respondents, such as country,
age, gender, level of education, years of work experience, and position in the company. The second group of questions
explores behavioral intentions in the digital environment, intention to use digitization, attitudes toward digitization,
use of digital platforms, and application of Industry 4.0 technologies. In this study, six countries-Serbia, Hungary,
Poland, Slovakia, the Czech Republic, and Bulgaria-participated, providing a broad overview of digitalization in
manufacturing companies. A total of 635 accurately completed questionnaires, of which Serbia (21.1%), Hungary
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(17.3%), Poland (15.9%), Slovakia (15.7%), the Czech Republic (14.1%), and Bulgaria (15.9%). A five-point Likert
scale was used to fill out the questionnaire. The demographic profile of respondents shows that the age group from 31
to 45 years is the most represented with 36.2%, while 23.9% of respondents were in the age range of 18 to 30 years,
32.1% of respondents were between 46 and 60 years old, and 7.7% of them were older than 61 years. In terms of
gender, 61.9% of respondents were male, while 38.1% of participants were female. Regarding work experience, 28%
of respondents had up to 5 years of work experience, 17.6% between 6 and 10 years, 23.5% between 11 and 20 years,
while 30.9% had more than 20 years of work experience. Further on, the study processed and analyzed the data using
statistical software SPSS v.25 and AMOS v.22.

4 Data Analysis and Results

For the research, SEM was utilized. This sophisticated statistical technique offers researchers the opportunity to
evaluate and validate theoretical models [44]. SEM is used to model phenomena that are not directly measurable
using latent variables that are derived from a larger set of observed variables [45, 46]. To model the latent variables
based on the true values of these observed variables, it first separates measurement errors from the manifest variables
values [47].

The SEM method contains a measurement model and a structural model. The measurement model includes the
latent variables that contain the manifest variable variables [48]. The measurement model is evaluated to verify its
validity and dependability. This includes examining the conceptual model’s convergent and discriminant validity as
well as internal consistency [49]. The structural model is assessed if the evaluation finds a suitable measurement
model [48]. The developed hypotheses are tested by evaluating the structural model after the measurement model has
been confirmed [50, 51]. Through a set of structural equations, which are equivalent to solving multiple regression
equations, the structural model represents the relationships between latent and observable variables in the conceptual
model [45].

The use of SEM method in this research will enable the examination of complex relationships between latent
variables, which may contribute to a more precise understanding of the factors influencing digital transformation in
the manufacturing industry.

4.1 Measurement Model

The first step in assessing a conceptual model is to create a measurement model. This requires the quantification of
latent variables, which cannot be measured directly, utilizing observational indicators. Before conducting hypothesis
testing on the structural model, it is important to first evaluate the measurement model to ensure the validity and
reliability of the latent variables [44].

In this research, all latent variables have a unidimensional character and can be measured using a set of indicators
connected to that dimension [44]. To enhance the accuracy and consistency of the measurement model, the model
was adjusted iteratively based on assessing the conformance of the unidimensional model for each latent variable.

To assess the validity and reliability of the measurement model, it is necessary to establish whether the data fit the
model well [44]. A good fit of the model in this study is indicated by the obtained normed χ2 value (χ2/df), which is
also supported by other fit indices [50], the recommended and obtained values of which are displayed in Table 1.

Considering the satisfactory values of the fit parameters, the next step was to assess the convergent and discriminant
validity of the constructs covered by the model. Convergent validity is evaluated through statistically significant factor
loadings that should be greater than 0.50 [51]. The Average Variance Extracted (AVE) for each construct should be
over 0.50 [46]. This means that a larger part of the variance in the indicators can be explained by the latent construct,
indicating a satisfactory level of convergent validity.

Internal consistency coefficients, such as Cronbach’s alpha and composite reliability, indirectly show the fulfillment
of convergent validity conditions [52], whereas Nannally [53] suggested that values above 0.7 are considered satisfactory.
However, according to George and Mallery’s study [54], values above 0.6 are often considered acceptable, especially
in the preliminary stages of research or when dealing with exploratory studies. Standardized factor loadings, reliability
coefficients, and convergent validity are presented in Table 2.

Table 1. Fit indices for the measurement model

χ2 χ2/ df RMSEA CFI NFI TLI IFI RFI
χ2 = 1176.48; df = 500(p < 0.05) 4.08 0.070 0.938 0.920 0.928 0.938 0.907

Accepted fit < 3 < 0.08 > 0.90 > 0.90 > 0.90 > 0.90 > 0.90

To test for discriminant validity, the AVE for each underlying concept should be compared with the squared
correlations between those concepts. If the AVE values for each concept are higher than the squared correlations
between concepts, then the conditions for discriminant validity are met. The AVE values and squared correlations
between concepts are displayed in Table 3, and it can be deduced that the discriminant validity has been confirmed.
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Table 2. Results of the measurement model

Variables
Standardized

Factor
Loading

Critical Ratio
(t-value) AVE Cronbach ALFA CR P

Behavior Intention (BI)
Q1 Intention for greater digitization of
processes 0.903

Q2 Anticipating future digitization 0.942 39.409 0.846 0.942 0.943 ∗∗∗∗

Q3 Plans for investing in digitization 0.915 36.885
Intention of Use (IU)

Q1 Work in a digitized environment 0.906
Q2 Using digital tools to access materials 0.889 33.480 0.812 0.928 0.928 ∗∗∗

Q3 Using digitized processes at work 0.908 35.010
Attitudes Towards Digitization (ATD)

Q1 Digitization is a good idea 0.788
Q2 Digitization makes work more
interesting 0.816 22.217

Q3 Working in a digitized environment
is fun 0.734 19.496 0.633 0.895 0.895 ∗∗∗∗

Q4 I like the digitized work environment 0.827 22.602
Q5 Digitization creates a competitive
advantage 0.810 22.021

Digital Platforms (DP)
Q1 Use of a professional digital platform 0.650
Q2 Use of professional digitalized
communication tools 0.773 12.913 0.410 0.660 0.667 ∗∗∗

Q3 Use of social networking for business
purposes 0.458 9.392

Industry 4.0 (I4.0)
Q1 Cloud computing services 0.598
Q2 Big data analysis 0.772 15.312
Q3 3D printing and robotics 0.734 14.794
Q4 Internet of Things 0.743 14.922 0.574 0.911 0.915 ****
Q5 Virtual reality 0.838 16.147
Q6 Augmented reality 0.847 16.251
Q7 Supply chain management 0.696 14.248
Q8 Artificial intelligence 0.807 15.768

Table 3. Correlation matrix and discriminant validity (p < 0.01)

Behavior
Intention

Intention of
Use

Attitudes Towards
Digitization

Digital
Platforms

Industry
4.0

Behavior Intention 0.919
Intention of Use 0.621∗∗ 0.901

Attitudes Towards
Digitization 0.606∗∗ 0.638∗∗ 0.795

Digital Platforms 0.465∗∗ 0.439∗∗ 0.430∗∗ 0.640
Industry 4.0 0.396∗∗ 0.439∗∗ 0.430∗∗ 0.392∗∗ 0.757

4.2 Structural model

At first, a test was performed to assess how well the structural model fits the observed data. The obtained values
of χ2 (χ2/df=2.914; p < 0.05) indicate a good fit of the structural model to this study’s data, as recommended
by George and Mallery [54]. Also, other fit indices such as RMSEA=0.070, CFI=0.937, NFI=0.919, IFI=0.937,
and RFI=0.907 confirm the good fit of the model [55]. Table 4 and Figure 2 show the results of structural model
estimation, where beta coefficients represent the size of the effect of one latent variable on another, while t-values
test the statistical significance of those effects. In this model, all proposed hypotheses show a positive direction and
statistical significance, confirming that the data support the hypothesized relationships between the latent variables.
In this model, all proposed hypotheses show a positive direction and exhibit statistical significance, confirming that
the data support the hypothesized relationships between the latent variables. Behavior intention positively affects
the digital platforms (β = 0.333, t=5.344, p < 0.01), which indicates that hypothesis H1: BI→DP is accepted. The
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obtained results verify the positive impact of the intention of use on digital platforms at a 99% confidence interval
(β=0.279, t=4.189, p < 0.01). Consequently, the hypothesis H2: IU→DP is accepted. Also, the findings confirm
that there is significant evidence predicting the impact of attitudes towards digitization on digital platforms at a 95%
confidence interval (β=0.151, t=2.250, p < 0.05), indicating the hypothesis H3: ATD→DP, which is also confirmed.
Finally, the construct composed of digital platform use proved to be a good predictor of the application of Industry 4.0
technologies, highlighting that the obtained findings have statistical significance at a 99% confidence interval (β=
0.556, t= 9.213, p < 0.01). This proves that hypothesis H4: DP→I4.0 is supported. The positive path coefficients and
significant t-values collectively indicate that the model adequately reflects the theoretical assumptions, confirming all
the hypotheses posited in the study (Table 4).

Table 4. Path coefficients and t-values

The Relationship or Path Standardized Parameters t-value Causal Relations
H1: Behavior Intention - Digital Platforms 0.333 5.344 (a) R1: yes
H2: The Intention of Use - Digital
Platforms 0.279 4.189 (a) R1: yes

H3: Attitudes Towards Digitization -
Digital Platforms 0.151 2.250 (b) R1: yes

H4: Digital Platforms - Industry 4.0 0.556 9.213 (a) R1: yes
Note: (a) Significant at the 99% level; (b) Significant at the 95% level

Table 5. Structural analysis results

Variables n Standardized
Factor Loading

Critical Ratio
or (t-value) R2

Behavior Intention (BI)
Q1 Intention for greater digitization of processes

3
0.903

/Q2 Anticipating future digitization 0.942 390.414
Q3 Plans for investing in digitization 0.915 360.884

Intention of Use (IU)
Q1 Work in a digitized environment

3
0.906

/Q2 Using digital tools to access materials 0.889 330.471
Q3 Using digitized processes at work 0.908 350.034

Attitudes Towards Digitization (ATD)
Q1 Digitization is a good idea

5

0.788

/
Q2 Digitization makes work more interesting 0.816 220.216
Q3 Working in a digitized environment is fun 0.734 190.488
Q4 I like the digitized work environment 0.828 220.604
Q5 Digitization creates a competitive advantage 0.810 220.014

Digital Platforms (DP)
Q1 Use of a professional digital platform

3
0.637

0.460Q2 Use of professional digitalized communication tools 0.779 130.144
Q3 Use of social networking for business purposes 0.467 90.311

Industry 4.0 (I4.0)
Q1 Cloud computing services

8

0.596 150.234

0.310

Q2 Big data analysis 0.771 140.725
Q3 3D printing and robotics 0.733 140.851
Q4 Internet of Things 0.742 160.086
Q5 Virtual reality 0.840 160.192
Q6 Augmented reality 0.849 140.185
Q7 Supply chain management 0.695 150.710
Q8 Artificial intelligence 0.808 150.234

Table 5 shows the standardized loading factors and determination coefficient (R2). The effect of independent
latent variables such as behavior intention, intention of use, and attitude toward digitalization on the dependent latent
variable, digital Platform, was examined. The coefficient of determination for this relationship was estimated at 46.0%
of the explained variance of the digital platform, while for the latent variable of Industry 4.0, it was 31.0%.
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Figure 2. Structural model

5 Discussion

In this research, the influence of three dimensions—behavior intention in the digital environment, intention to use
digitization, and attitudes towards digitization—on the application of digital platforms, which leads manufacturing
companies to digital transformation, is analyzed in the era of Industry 4.0. To examine the influence between
the defined constructs, a questionnaire in online form was used. It was collected from 635 correctly filled-out
questionnaires by e-mail and via the LinkedIn platform, and six countries—Serbia, Hungary, Poland, Slovakia, the
Czech Republic, and Bulgaria—participated in the research. The focus on these countries is justified due to their
key role in the transition to more advanced production practices in Central and Eastern Europe in the context of the
adoption of Industry 4.0 technologies. These countries represent diverse economic and technological frameworks that
influence the implementation and adaptation of Industry 4.0. Therefore, by applying the SEM methodology used in
this research, more concrete conclusions can be drawn.

In hypothesis H1, it was supposed that behavioral intention positively influences the use of digital platforms,
and results indicate that hypothesis H1: BI→DP is accepted. Confirmable findings can be found in the research of
authors [24], who investigated how employees’ behavioral intentions influence the use of digital learning platforms,
which in turn has an impact on digitization adoption. According to the results of the SEM analysis, intention of use
significantly affects digital platforms, indicating that hypothesis H2: IU→DP is also accepted. Similar findings can
be found in the literature, describing how behavioral intention reflects the extent to which users plan to use digital
platforms, suggesting that higher intention to use these platforms leads to higher adoption rates [31, 32]. The findings
confirm that there is a significant impact of attitudes towards digitization on digital platforms, pointing out that
hypothesis H3: ATD→DP is confirmed. Taking into account the confirmed relationship in this research, it can be
seen that it is in line with many previous studies that emphasize that workers’ attitudes are crucial for the successful
adoption of digital tools [35, 36, 38]. Using digital platforms is often shown to be a good predictor of the application
of Industry 4.0 technologies. In this context, the hypothesis H4: DP → I4.0 is supported. Digital platforms enable the
integration and automation of various aspects of production and operations, which is an essential part of Industry 4.0.
Using digital platforms can make progress in companies’ ability to apply and utilize technologies such as IoT, artificial
intelligence, integration, big data analytics, 3D printing, and robotics, which are central to Industry 4.0 [3, 4, 39].

The findings of this research significantly contribute to the theoretical and practical understanding of digital
transformation in manufacturing companies, providing deep insights into how dimensions such as behavioral intention,
intention to use, and attitudes towards digitization influence the application of digital platforms and then how these
platforms influence the adoption of Industry 4.0 technologies. The research provides key insights into how various
factors influence the success of digital transformation in manufacturing companies, which can help shape policies and
practices that encourage more effective adoption of Industry 4.0 technologies.

6 Conclusions

This research provides significant insights into the impact of three key dimensions – behavioral intentions in the
digital environment, intentions to use digitization and attitudes towards digitization – on the implementation of digital
platforms, leading to the digital transformation of manufacturing companies in the era of Industry 4.0. Applying
the SEM methodology to a sample of 635 respondents from six countries (Serbia, Hungary, Poland, Slovakia, the
Czech Republic, and Bulgaria), all hypotheses were confirmed, highlighting the key factors influencing the successful
adoption of digital platforms and Industry 4.0 technologies. Accordingly, the research provides insight into different
perspectives and levels of acceptance of digital platforms and Industry 4.0 technologies in different cultural and
economic environments.

The theoretical implications of this research confirm the existing literature that highlights the importance of
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behavioral intention and employees’ attitudes for the successful adoption of digital technologies. The research expands
the understanding of these constructs in the context of manufacturing companies, offering new insights into the digital
transformation process. Practical implications include specific recommendations for managers and decision-makers
in manufacturing companies. The results suggest that it is essential to focus on strengthening employees’ positive
attitudes toward digitization and increasing their intention to use digital tools. This can significantly accelerate the
adoption of digital platforms and technologies that are key to the successful implementation of Industry 4.0, enabling
companies to improve their efficiency and competitiveness in a global environment.

Limitations of this study include a focus on only six countries, which may limit the generalizability of the results
globally, as well as potential cultural and economic variations that were not fully accounted for. The use of online
questionnaires and email distributions may lead to sample bias, as only those individuals who are already digitized
may have participated. Future research could expand the scope of the study to a larger number of countries and
different industry sectors to gain a broader insight into the factors influencing digital transformation. Also, combining
quantitative and qualitative methods could provide a deeper understanding of the motivations and barriers to adopting
digital technologies.
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