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This study assesses the readiness and maturity of Industry 4.0 in
Indonesia’s manufacturing industries by identifying and empirically
validating key success factors. A measurement model was developed
through a systematic literature review and expert interviews, and
validated wusing survey data from manufacturing practitioners.
Confirmatory factor analysis (CFA) was used to evaluate construct
validity and model fit. The findings establish a concise framework
comprising organisational and managerial, people, process, product and
service, technological, and external factors influencing Industry 4.0
readiness and maturity. The model should support industrial engineering
decision-making for digital transformation in manufacturing systems in
developing economies.
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Hierdie studie beoordeel die gereedheid en volwassenheid van Industrie
4.0 in Indonesié se vervaardigingsbedrywe deur sleutel-suksesfaktore te
identifiseer en empiries te valideer. 'n Metingsmodel is ontwikkel deur
'n sistematiese literatuuroorsig en onderhoude met kundiges, en is
gevalideer met behulp van opnamedata van praktisyns in die
vervaardigingsbedryf. Bevestigende faktoranalise is gebruik om
konstrukgeldigheid en modelpassing te evalueer. Die bevindinge stel 'n
samevattende raamwerk daar wat organisatoriese en bestuursverwante,

menslike, proses-, produk- en diens-, tegnologiese, asook eksterne
faktore insluit wat Industrie 4.0-gereedheid en -volwassenheid
beinvloed. Die model behoort besluitneming in bedryfsingenieurswese
te ondersteun vir digitale transformasie in vervaardigingstelsels in
ontwikkelende ekonomieé.

1. INTRODUCTION

Industry 4.0 represents a transformative shift in manufacturing as digital and physical systems become
increasingly integrated, interconnected, and autonomous [1, 2]. Its adoption enhances organisational
transformation, increases digital skill demands, and improves environmental and operational performance
through greater automation and system integration [3]. Recent studies have further demonstrated that
digital technologies enhance operational visibility, coordination, and innovation, enabling firms to compete
more effectively in increasingly dynamic markets [4, 5].

Despite these benefits, many manufacturers continue to struggle with several significant problems in
implementing Industry 4.0. Key recurring obstacles, such as a shortage of digital skills, limited human
resources capabilities, inadequate technological infrastructure, weak system integration, financial
constraints, and a traditional organisational culture, reinforce the resistance to change [6-9]. Furthermore,
inconsistent regulations, limited policy support, and the absence of unified standards hinder digitalisation
initiatives and impede the broader adoption of Industry 4.0 technologies [10].

The Indonesian context reflects these realities, which are intensified by ongoing structural economic shifts.
Historically, the manufacturing sector has been a major contributor to national gross domestic product and
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employment. However, over the past two decades, Indonesia has gradually transitioned towards a service-
oriented economy, with the manufacturing sector experiencing stagnation or slight decline. This transition
raises concerns about future competitiveness, especially in the light of global industrial changes. To
enhance its competitiveness, the Indonesian manufacturing sector needs to be revitalised, particularly as
global industries increasingly adopt digital and smart manufacturing systems. Recognising this, the
Indonesian government introduced the "Making Indonesia 4.0" initiative to increase productivity, strengthen
competitiveness, and accelerate digital transformation across priority manufacturing sectors [11].
However, realising this vision requires an evidence-based understanding of the factors that shape Industry
4.0 readiness in Indonesia’s diverse and resource-constrained manufacturing landscape.

Many studies have investigated the determinants of Industry 4.0 readiness and maturity; however, they are
limited to conceptual analyses and systematic literature reviews. Empirical validation remains limited to
and concentrated in technologically advanced regions, where technological infrastructure and financial
capacity are significantly more mature. In contrast, research in the Asian context, particularly in Indonesia,
a developing country with limited resources, remains very limited. To address this gap, this study aims to
identify and to validate empirically the key factors influencing the implementation of Industry 4.0 in the
Indonesian context. The study aims to develop a context-specific framework that could guide policymakers
and industry leaders in strengthening national readiness. Accordingly, the research examines these
questions:

1. What are the key factors that significantly influence the implementation of Industry 4.0 in
Indonesian manufacturing industries?

2. How well do these factors fit a multidimensional CFA-based measurement model?

As one of the first comprehensive empirical studies conducted in Indonesia, this research provides an
evidence-based framework tailored to the characteristics of a developing economy. The findings offer
practical insights for policymakers and industry leaders, while also serving as a reference model for other
developing countries that undertake assessments of Industry 4.0 readiness and maturity.

The remainder of this paper is structured as follows. Section 2 provides a comprehensive review of the
relevant literature and theoretical foundations. Section 3 outlines the research methodology used in this
study, including data collection and analytical procedures. Section 4 presents the empirical results, while
Section 5 discusses the key findings along with their implications. Section 6 concludes the paper by
summarising the main contributions and limitations, and outlining directions for future research.

2. LITERATURE REVIEW
2.1. The adoption of Industry 4.0 in the manufacturing sector

Industry 4.0 represents a new era of industrial transformation that is distinguished by advanced automation
and the integration of state-of-the-art digital technologies. Its successful implementation depends on the
ability of manufacturing systems to adapt rapidly to dynamic industrial conditions by leveraging real-time
digital information and interconnected communication networks. The faster the adaptation, the closer the
process moves towards Industry 4.0. Through the integration of cyber-physical systems, the Internet of
Things (loT), big data analytics, automation, and artificial intelligence, Industry 4.0 enables significant
improvements in process efficiency, product quality, operational flexibility, and overall competitiveness
[1, 6]. Moreover, digital transformation enhances resource optimisation and data-driven decision-making,
while also supporting sustainability through waste reduction, energy efficiency, and greater supply chain
transparency [12]. Collectively, these advances position Industry 4.0 not merely as a technological initiative
but also as a strategic foundation for business model innovation, value creation, and long-term
transformation throughout the manufacturing sector.

Industry 4.0 adoption varies significantly among manufacturing sectors, owing to variations in technological
intensity, production complexity, and strategic priority. Empirical studies consistently demonstrate that
the automotive, electronics, and machinery industries attain higher digital maturity, supported by
widespread automation, advanced precision engineering, and tightly integrated supply chains structures
[8]. Meanwhile, low-technology sectors such as textiles, apparel, and food processing tend to adopt more
basic digital tools, focusing mainly on simple automation or traceability rather than on advanced analytics
or cyber-physical integration [13]. Despite widespread loT adoption, advanced technologies such as big



data analytics, artificial intelligence, and blockchain remain at early or pilot stages, especially in the
textiles and food-related sectors [14].

In this context, the automotive industry stands out as a leading example of digitally mature Industry 4.0
implementation. It is the world’s largest user of industrial robots, representing nearly one-third of global
installations, with more than one million units operating in 2021. Furthermore, more than 50% of new
vehicles produced in 2022 were enabled by loT technology for enhanced digital connectivity [15]. These
advancements position automotive manufacturing at the forefront of digital transformation, well ahead of
most other sectors. Overall, these sectoral differences indicate that the pace of Industry 4.0 transformation
is influenced not only by technology but also by a broader set of organisational, people, process,
technological, and external environmental enablers, as examined in the next section.

2.2. The key success factors of Industry 4.0 adoption in manufacturing

An earlier systematic literature review (SLR), based on PRISMA guidelines, analysed 45 peer-reviewed
articles and identified 74 potential factors influencing Industry 4.0 readiness and maturity. Frequently cited
factors were retained, while others were thematically consolidated, resulting in 22 factors grouped into six
dimensions: organisation and management (seven factors), people (two factors), processes (five factors),
technology (three factors), products and services (two factors), and external factors (three factors). These
dimensions and factors formed the theoretical foundation of this study [16].

Existing Industry 4.0 readiness and maturity models (RMMs), including INDI 4.0, were systematically
reviewed to develop the conceptual framework. The analysis of 21 RMMs revealed overlapping
terminologies, which were consolidated into broader dimensions. The resulting RMM comprises seven
dimensions that encompass strategy and leadership [17-34], people [18, 20, 21, 23, 25, 27-29, 32, 34],
product and service [17-19, 21, 25, 26, 28, 32-34], operational excellence [17-30, 32-35], technological
capability [18, 19, 21, 22, 24, 26, 27, 29, 30, 32-34], customer orientation[25, 33], and cultural readiness
[20, 25, 26, 30, 32-34].

These perspectives demonstrate substantial conceptual overlap, suggesting that some categories in the
RMM, such as culture and customer, serve more appropriately as subfactors within the broader six-
dimensional structure identified in the literature. Thus, the integration process involves aligning
conceptually equivalent elements in multiple sources. Under the organisation and management dimension,
the key factors included strategic orientation, investment, innovation, culture, and training and
development. The people dimension comprises competencies, skills, and adaptability. The operations
dimension encompasses intelligent processes, supply chain performance, and data management. Products
and services covers intelligent products, intelligent services, and product customisation. The technology
dimension covers cybersecurity, intelligent machines, connectivity, digitalisation, and infrastructure.
Finally, the external factors were government support and regulation, customer, and competitive
pressures.

This integrative assessment yielded a coherent and parsimonious framework consisting of six dimensions
and 21 factors, providing a robust foundation for assessing Industry 4.0 readiness and maturity in the
manufacturing sector. The resulting set of factors was then verified and refined through interviews with
four industry leaders who were key practitioners in implementing Industry 4.0 in Indonesia. Together, these
three stages shaped the research conceptual framework, as shown in Figure 1.

The sections that follow provide an explanation of each dimension and its contributing factors.
2.2.1. Organisation and management

The organisation and management dimension represents the strategic and managerial capabilities that
enable firms to adopt Industry 4.0 technologies effectively. Core factors are strategy, leadership, and
organisational culture, which provide governance and direction for digital transformation by aligning
technological initiatives with long-term business objectives through structured planning, clear roadmaps,
and coordinated decision-making [1, 8, 22, 36]. An adaptive and innovation-oriented culture strengthens
organisational readiness by supporting continuous improvement and reducing resistance to change [32, 33].
This strategic foundation is driven by investments in Industry 4.0, innovation, and training and development
programmes, which jointly support sustainable implementation. Investment determines the feasibility and
scalability of digital initiatives; innovation facilitates the integration of advanced technologies into
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processes and offerings; and training programmes enhance the workforce competencies required to
operationalise Industry 4.0 solutions [6, 37, 38].
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Figure 1: Conceptual framework
2.2.2. People

The people capabilities that enable effective Industry 4.0 adoption are employee competence and
adaptability. Competence encompasses the knowledge, technical skills, and digital capabilities required to
operate, integrate, and use advanced manufacturing technologies, and is consistently identified as a key
determinant of Industry 4.0 readiness [39-41]. Conversely, limited competence has been widely reported
as a barrier that constrains the ability to realise the benefits of digital transformation [6, 42, 43].

Adaptability is the ability to adjust skills, behaviours, and work practices in response to technological and
organisational changes. Resistance to change impedes implementation [30, 44]. Together, competence and
adaptability represent the core individual capabilities in the people dimension, whereas training and
development initiatives are more appropriately positioned in the organisation and management dimension,
as they reflect organisational mechanisms for capability development rather than individual attributes.

2.2.3. Process

Smart processes in Industry 4.0 refers to the integration of advanced digital technologies such as loT,
artificial intelligence (Al), automation, and real-time analytics into industrial operations to enable
autonomous or semi-autonomous systems that are capable of self-monitoring, self-optimisation, and self-
correction [30, 40, 45]. These capabilities include process automation, integrated manufacturing
technologies, and process redesign. Inadequate process maturity and delayed transformation remain key
barriers to implementation [38, 46, 47]. In parallel, integrating production processes with supply chain and
logistics systems is essential for enhancing operational efficiency. Smart supply chains and Logistics 4.0,
enabled by condition monitoring, goods-tracking technologies, and logistics automation, are widely
recognised as critical components of Industry 4.0 readiness [23, 36, 40, 41, 48]. Data management,
encompassing data storage, transfer, governance, and utilisation, serves as a key indicator of digital
maturity and underpins process integration and decision-making [39, 49, 50]. However, problems related



to data security and infrastructure limitations continue to constrain effective Industry 4.0 implementation

[6].
2.2.4. Product and service

Intelligent products and services constitute a core dimension of Industry 4.0 readiness, encompassing three
interrelated capabilities: customised products, smart products, and smart services. The ability to deliver
customised products, enabled by flexible manufacturing systems, additive manufacturing, CAD/CAM, and
real-time analytics, reflects organisational agility and technological capability, and is widely recognised as
a prerequisite for mass personalisation in Industry 4.0 environments [1, 51]. Smart products are
characterised by embedded sensors, connectivity, and data-processing capabilities that enable real-time
monitoring, customisation, and predictive maintenance, thereby supporting data-driven business models
and lifecycle-oriented value creation [51]. These capabilities are complemented by smart services, which
leverage digital platforms, remote monitoring, and predictive analytics to enhance customer interaction
and support servitisation strategies, requiring robust digital infrastructure and innovation-oriented
capabilities [52]. Collectively, customised products, smart products, and smart services are key drivers of
Industry 4.0 readiness and transformation success.

2.2.5. Technology

The technology dimension of Industry 4.0 has four core factors - cybersecurity, intelligent machinery,
connectivity, and digitalisation - that collectively determine an organisation’s digital readiness and
transformation capability. Cybersecurity plays a critical role in protecting interconnected manufacturing
environments and ensuring the secure storage, transmission, and processing of data, while cybersecurity
risks and data governance issues remain barriers to adoption [6, 45, 46]. Intelligent machinery, such as
cyber-physical systems, Al-enabled equipment, and loT-based devices, enables autonomous optimisation,
real-time control, and human-machine collaboration, and is consistently identified as a key technological
enabler of Industry 4.0 [10, 53]. Connectivity in and between factories and supply-chain partners facilitates
real-time information exchange and system integration. It is widely regarded as a primary determinant of
Industry 4.0 readiness, whereas limited interoperability constrains effective implementation [37, 38].
Finally, digitalisation that encompasses digital twins, digital factories, and data-driven decision-making
serves as a key indicator of digital maturity, supported by robust digital infrastructure and technological
capability, while limited digital vision and resources continue to hinder adoption [29, 42]. Together, these
four technological factors form the backbone of effective and sustainable Industry 4.0 implementation.

2.2.6. External factors

External factors are the conditions beyond a firm’s direct control, namely government support, customer
expectations, and competitive pressure, which significantly influence Industry 4.0 readiness and
implementation outcomes. Government support, manifested through regulatory frameworks, fiscal
incentives, infrastructure provision, and national initiatives such as Making Indonesia 4.0, plays a pivotal
role in facilitating digital transformation, and is consistently identified as a key driver of organisational
readiness and maturity [11, 12, 37, 38]. Conversely, insufficient policy support and regulatory uncertainty
are barriers to adoption [42, 44]. Customer-driven pressures, such as increasing demands for customisation,
responsiveness, and transparency, encourage firms to adopt flexible and data-driven production systems,
positioning customer orientation as a critical external determinant of Industry 4.0 readiness [1, 54].
Competitive pressure accelerates adoption, as firms seek to maintain efficiency and innovation parity with
rivals; awareness of competitors’ digital advancements therefore acts as a strong motivator for
implementing Industry 4.0 technologies [9, 46]. Collectively, these external forces shape strategic priorities
and act as powerful drivers of Industry 4.0 transformation.

3. RESEARCH METHODOLOGY

This study uses a quantitative research design to validate the key success factors that influence Industry
4.0 readiness and maturity in the Indonesian manufacturing sector. A structured questionnaire developed
from indicators established in previous stages, and using a Likert scale (1-5), was administered to
manufacturing companies. Before analysis, the dataset underwent initial screening, including tests for
normality, outlier detection, and multicollinearity. The measurement structure was then evaluated through
a multi-stage structural equation modelling (SEM) procedure that began with construct validity testing using
the Kaiser-Meyer-Olkin (KMO) measure and Bartlett’s test, followed by assessing convergent validity,
construct reliability, and discriminant validity through confirmatory factor analysis (CFA) in AMOS [55].
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Model modifications were necessary to improve the model fit indices, in accordance with established SEM
guidelines. The final model provided an empirical basis for interpreting key factors that influenced Industry
4.0 readiness. The complete sequence of methodological stages is presented in Figure 2.

Stage Phase Method/Test
- Systematic literature review
Conceptualisation < (SLR); expert judgement
e N
Identificat f
cszs]trlsgtgoa?ng | Item/indicator generation | < | SLR |
indicators _ _ _ _
| Questionnaire design | €« [  Google form, Likert scale |
N
| Questionnaire distribution | < | Purposive sampling |
Normality (skewness &
Preliminary assumption <« kurtosis); outlier detection
testing (mahalanobis distance);
Data collection and multicollinearity
measurement J
KMO & Bartlett’s test;
Initial construct validity <« exploratory factor analysis
(EFA, if needed)
N
Convergent validity < AMOS SPSS:. (;onvergent
validity
N
Analysis | Construct reliability | <« | Construct reliability |
N
N L Fornell-Larcker criterion;
Discriminant validity < HTMT ratio
N
. e s Model modification using
Model refinement Model modification < AMOS/PLS
N
Interpretation Interpretation of results < CFA resg!t tables; path
iagram

Figure 2: Research methodology
4, DATA COLLECTION AND MEASUREMENT

The primary data were collected through a structured questionnaire using a Likert scale, which is widely
used to capture managerial perceptions thanks to its simplicity and interpretability [55]. Respondents were
Industry 4.0 experts in manufacturing, such as chief technology officers (CTOs), information and
communication technology/information technology (ICT/IT) managers, and technical specialists, with a
minimum of five years’ experience and direct involvement in Industry 4.0-related decision-making. A two-
stage sampling strategy was used: purposive sampling to target individuals who met the criteria, followed
by snowball sampling to broaden access to senior manager - a group that is typically difficult to reach
through conventional sampling methods. Purposive sampling is appropriate for studies that require expert-
informed judgements. A total of 125 questionnaires were collected, and after screening for relevance and
eligibility, 104 were found to be valid. The exclusion of 21 cases because of insufficient experience or
employment outside the manufacturing sector ensured that the dataset accurately represented qualified
Industry 4.0 practitioners. The recommended minimum sample size for CFA requires at least 100-150
samples or a ratio of 5-10 respondents per estimated parameter to ensure adequate statistical power and
model stability [55]. Similarly, Sekaran [56] suggested an appropriate sample size to be between 30 and
500. Therefore, the minimum sample size required was satisfied in this study. A detailed profile of the
respondents is presented in Table 1.



Table 1: Profile of respondents

Categories Sub-categories Frequency Percentage
Gender Male 83 79.81%
Female 21 20.19%
Position Top management 23 22.12%
Middle management 42 40.38%
Lower management 27 25.96%
Non-management 12 11.54%
Experience 5-10 years 34 32.69%
10-20 years 41 39.42%
More than 20 years 29 27.88%
Industry sector Chemical industry 28 26.92%
Electronics 21 20.19%
Automotive 16 15.38%
Food and beverage 13 12.50%
Pulp and papers 8 7.69%
Medical equipment and supplies 7 6.73%
Building materials 7 6.73%
Others 4 3.85%
Industry scale 500 or more employees 58 55.77%
<500 employees 46 44.23%

The respondents’ profiles indicate that the study primarily involved experienced managers from
manufacturing companies, many of whom had been in the industry for over a decade. The strong
representation of the chemical, electronics, automotive, and food and beverage sectors strengthened this
finding, as these industries are at the forefront of digital transformation. Interestingly, nearly half of the
companies had started to adopt Industry 4.0 in the previous three years, suggesting that the perspectives
that were captured reflected organisations still in transition, rather than those with fully mature systems.

5.  DATA ANALYSIS AND FINDINGS

Following the completion of the data collection and screening, the next stage of this study focused on the
analysis and interpretation of the data. This section presents the results of the statistical tests that were
conducted to evaluate the validity and reliability of the measurement model, and to examine the
relationships among the key constructs of Industry 4.0 readiness. The findings are reported systematically,
beginning with the preliminary assumption testing, followed by CFA to assess convergent and discriminant
validity, and concluding with the refinement of the final model.

5.1.1. Preliminary assumption testing

Before conducting CFA, a series of preliminary assumption tests was performed to ensure that the data met
the requirements for multivariate analysis. The assessment of univariate normality showed that all
indicators fell within acceptable thresholds, with skewness values ranging from -2.08 to -0.28 and kurtosis
values ranging from -0.77 to 4.74, all well below the recommended limits for Likert-scale data treated as
continuous variables (|skewness| < 3; |kurtosis| < 7) (Hair et al., 2019). Outlier detection using
standardised Z-scores, and Mahalanobis distance (p < 0.001) revealed no severe univariate or multivariate
outliers among the 104 valid cases, indicating that the dataset was stable and free from influential
anomalies. Multicollinearity diagnostics further confirmed that no indicators revealed problematic
intercorrelations.



5.1.2. Initial construct validity

Following the assumption tests, preliminary construct validity was evaluated using the KMO measure and
Bartlett’s test of sphericity. Sampling adequacy was confirmed, as indicated by a KMO value of 0.780
exceeding the recommended threshold of 0.50 (Kaiser, 1974). In addition, Bartlett’s test of sphericity
yielded a statistically significant result (x2 = 7067.170, df = 2346, p < 0.001), indicating the presence of
sufficient inter-item correlations to justify factor analysis [57]. Collectively, these results confirmed that
the dataset was appropriate for proceeding with confirmatory factor analysis.

5.1.3. Validity and reliability test

This study assessed convergent and discriminant validity by examining indicator loadings (A), average
variance extracted (AVE), the Fornell-Larcker criterion, and the heterotrait-monotrait (HTMT) ratio. All the
indicators exceeded the minimum factor loading threshold of 0.55, which is acceptable for newly developed
measurement models [55]. In addition, all AVE values were above the recommended criterion of 0.50,
confirming adequate convergent validity [58]. Discriminant validity was also confirmed, as the square root
of each construct’s AVE exceeded its correlations with other constructs, and all HTMT values remained
below the conservative threshold of 0.85, indicating sufficient conceptual distinction among latent
variables [58, 59]. Construct reliability was assessed separately using Cronbach’s alpha (a) and composite
reliability (CR). All validity and reliability results, along with their corresponding benchmark criteria, are
presented in Tables 2 and 3.

Table 2: Factors loading, composite reliability, and average variance extracted values

Item/ Constructs A 0 p Sig a CR AVE

Stra <--- OM 0.79 0.11 ** Sig
Lead <--- OM 0.92 0.02 Sig
Cult <--- OM 0.88 0.06 ** Sig
0.89 091 0.73
Invest <---  OM 0.77 0.16 *> Sig
Innov  <--- OM 0.86 0.10 ** Sig
TnDP  <---  OM 0.88 0.09 ** Sig

CKS <---  People 1.00 0.00 ** Sig
0.77 0.95 0.84

Adapt <--- People 0.83 0.09 Sig
P <---  SPO 0.93 0.03 Sig
SC <---  SPO 1.00 0.00 ** Sig 0.91 0.99 0.94

DM <---  SPO 0.98 0.01 ** Sig

CP <--- PS 0.93 0.06 Sig
SP <--- PS 0.87 0.07 *=* Sig 0.87 0.83 0.82
SS <--- PS 0.92 0.23 * Sig
(&) <---  Tech 0.59 0.03 Sig

SM <---  Tech 0.71 0.16 ** Sig
0.87 0.94 0.68
Con <---  Tech 0.99 0.02 =** Sig

Dig <---  Tech 0.95 0.01 ** Sig

Gov <---  Ext 0.67 0.25 ** Sig
Cons <---  Ext 0.96 0.13 ** Sig 0.80 0.84 0.59
Comp <--- Ext 0.62 0.04 Sig




Table 3: Composite reliability and average variance extracted results

Criteria
Dimension CR AVE
CR>0.7 CR>AVE AVE>0.5
oM 0.91 0.73 J I J

People 0.95 0.84
Process 0.99 0.94

h
’
Prod. & service 0.83 0.82 I
Technology 0.94 0.68 I

I

,
,
,
,
,

N T

External 0.84 0.59

All constructs exceeded the recommended minimum threshold of 0.70, demonstrating strong internal
consistency [55]. The overall measurement instrument exhibited high reliability, reflected in a Cronbach’s
alpha coefficient of 0.964, while the CR values for the constructs ranged from 0.797 to 0.978. Collectively,
these results indicated that the measurement model demonstrated satisfactory validity and reliability,
making it appropriate for subsequent evaluation of overall model fit and structural relationships.

5.2. Model feasibility test (chi-square, RMSEA, GFI, AGFI, CFl)

After establishing the validity and reliability of the measurement model, the analysis proceeded to the
testing of the overall model fit. The model feasibility test used commonly reported goodness-of-fit indices,
such as the chi-square statistic, the root mean square error of approximation (RMSEA), the goodness-of-fit
index (GFl), and the adjusted goodness-of-fit index (AGFl). These indices are widely used in CFA to evaluate
the adequacy of a proposed measurement model. The initial measurement model illustrated in Figure 3
was then assessed using these criteria, with the support of AMOS software.
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Figure 3: The initial model



The results of the model fit assessment are summarised in Table 4 below.

Table 4: Summary of initial model fit test

Fit indices Test value Acceptable fit value Description

CMIN/DF 2.262 1<CMIN/DF<3 Fit
GFI 0.456 0.90<GFl<1.00 Poor fit
AGFI 0.414 0.85< AGFI <1.00 Poor fit
CFl 0.587 0.95< CFl <1.00 Poor fit
RMSEA 0.111 O< RMSEA <0.08 Poor fit

The results of the model fit evaluation indicated that only the CMIN/DF index met the acceptable threshold
(2.262, where 1 < CMIN/DF < 3). According to the model fit evaluation results, the overall model complexity
was within an acceptable range. However, the other indices - GFI (0.456), AGFI (0.414), CFl (0.587), and
RMSEA (0.111) - fell outside their respective acceptable ranges, indicating that the model did not achieve
an adequate fit. The low values of the GFl and AGFI, which should ideally have been > 0.90 and > 0.85
respectively, indicated that the model was unable to replicate the observed data sufficiently. Poor
comparative fit versus a baseline model was also indicated by the CFI, which had a value of 0.587 (< 0.95).
The RMSEA exceeded the recommended upper limit of 0.08, also indicating model misfit.

5.3. Refinement of model

To improve the model’s fit indices, modifications were systematically carried out. Initially the model was
assessed and refined at the dimension level, and subsequently the well-fitting dimensions were reintegrated
into the overall model. The model resulting from the integration of the six dimensions that achieved an
acceptable fit was then subjected to further model fit testing. This modification resulted in six dimensions
comprising sixteen factors: organisation and management (culture, training and development, and
innovation); people (competency, knowledge and skills, and adaptability); process (smart processes, supply
chain, and data management); product and service (smart products and smart services); technology
(digitalisation, connectivity, and smart machines); and external factors (government, customers, and
competitors). Following the model fit evaluation, the initial model was found to have not yet achieved an
adequate level of fit. Consequently, iterative modifications were performed until all model fit criteria were
satisfactorily met. The final model, which fulfilled all goodness-of-fit requirements, is presented in Figure
4.
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Figure 4: The final model
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This figure illustrates that the final structural model successfully identified thirteen latent factors that
significantly contribute to the implementation of Industry 4.0 in the manufacturing sector. The attainment
of adequate model fit confirms that the retained factors exhibit strong construct validity and reliably
explain the underlying structure of Industry 4.0 readiness.

The results of the final model fit evaluation, including the statistical indices used to assess both absolute
and incremental fit, are presented in Table 5. The overall goodness-of-fit results indicated that the
proposed measurement model demonstrated an acceptable to good fit with the empirical data. The chi-
square to degrees of freedom ratio (CMIN/DF = 1.252) fell well within the recommended range of 1 to 3,
indicating a parsimonious model with minimal discrepancy between the observed and the estimated
covariance matrices. Consistent with Bentler’s combination rule, model adequacy is primarily supported
when the criteria of CFl > 0.95 and RMSEA < 0.08 are jointly satisfied [60]. In this study, the final
measurement model met these criteria, reflected in a CFl value of 0.952 and an RMSEA value of 0.049,
indicating a close approximate fit to the population covariance matrix.

Table 5: Summary of final model fit test

Fit indices Test value Acceptable fit value Description
CMIN/DF 1.252 1<CMIN/DF=<3 Good Fit

GFI 0.820 0.90=<GFl<1.00 Moderate Fit

AGFI 0.766 0.85< AGFI <1.00 Moderate Fit
CFl 0.952 0.95=< CFl <1.00 Good Fit
RMSEA 0.049 0< RMSEA <0.08 Good Fit

Although the absolute fit indices (GFl = 0.820 and AGFI = 0.766) fell below conventional cut-off values,
prior methodological research has consistently shown that these indices are highly sensitive to sample size,
model complexity, and the number of estimated parameters. Several studies suggest that GFI and AGFI
values in the range of 0.70-0.89 may still be considered acceptable or marginal, particularly in complex
structural equation models [61, 62]. Moreover, contemporary SEM guidelines emphasise that absolute fit
indices should not be used as the sole criterion for evaluating model adequacy, especially when incremental
and parsimony-adjusted indices demonstrate strong fit [60, 63]. In line with this perspective, Hair et al.
(2019) note that lower GFI and AGFI values do not invalidate a model when key indices, CFl, and RMSEA
provide strong evidence of model adequacy. Taken together, the strong performance of the primary fit
indices and the recognised limitations of GFI and AGFI support the conclusion that the final measurement
model achieved an acceptable and theoretically defensible level of fit, making it suitable for subsequent
structural analysis.

6.  DISCUSSION

This study contributes to the Industry 4.0 literature by empirically validating the supporting factors for the
readiness and maturity of Industry 4.0 implementation in the Indonesian manufacturing industry. A survey
of Industry 4.0 practitioners, and validation using CFA, yielded six dimensions and thirteen supporting
factors. These findings strengthen the theoretical foundation of Industry 4.0 readiness research and provide
strong empirical evidence that successful implementation is influenced by the interaction of organisational
and management factors, human resources, processes, products and services, technology, and external
factors. These findings reinforce the view that digital transformation is not just a technological endeavour
but also a comprehensive organisational change process.

The results of this study show that the readiness and maturity of Industry 4.0 adoption is a combination of
internal and external factors. The effective adoption in Indonesia’s manufacturing sector could be
attributed to elements found in the human resource and organisational aspects, such as training and
development, organisational culture, employee competencies, digital skills, and adaptability. These results
are consistent with earlier studies that highlight the critical role of culture and human resources in driving
digital transformation [54, 64, 65]. Adaptability shows that businesses need to constantly improve their
knowledge, ability, and routines in order to deal with rapidly evolving digital technologies.
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The validation of smart machines, digitalisation, connectivity, supply chain integration, and smart
processes in the technology and process domain shows that end-to-end digital integration in production and
logistics systems is necessary to enable technological preparedness. These results support previous studies
that highlight loT-enabled connectivity, cyber-physical systems, and data-driven process optimisation as
key Industry 4.0 enablers [13, 66, 67]. This finding is significant because it shows that investment in
technology on its own is insufficient unless it is incorporated into digitally connected operational processes
throughout the value chain.

Beyond internal processes, the concept of Industry 4.0 readiness is expanded by the product and service
dimension. Real-time monitoring, predictive maintenance, and service customisation are some of the
customer-facing digital innovations that are enabled by the validation of smart products and services [68].
This result lends support to the view that enterprises’ ability to leverage digital technologies in order to
develop new value propositions and service-based business models is a key determinant of Industry 4.0
readiness and maturity.

Finally, the external dimension emphasises how the broader ecosystem shapes Industry 4.0 readiness.
Customer demand and government support were confirmed as important external enablers, supporting
earlier findings that market expectations, national initiatives, and regulatory frameworks have a significant
impact on digital adoption, particularly in developing economies [8, 37]. This finding emphasises that
Industry 4.0 readiness is not only an organisational trait, but is also co-shaped by institutional and market
dynamics.

7. CONCLUSION

In response to the research objectives, this study empirically validated thirteen key success factors that
collectively determine Industry 4.0 readiness and maturity in Indonesia’s manufacturing sector. Using CFA,
the findings confirm that the proposed multidimensional model demonstrates good fit and effectively
captures the interrelated organisational, people, technological, process, product and service, and external
capabilities required for digital transformation in a developing economy context. These results reinforce
the view that Industry 4.0 readiness is not driven by technology alone, but emerges from the coordinated
development of internal capabilities and external enablers.

This study offers important implications for multiple stakeholders. For manufacturing practitioners, the
validated model underscores the need to complement technological investments with sustained efforts in
workforce development, organisational culture, adaptability, and competency building. For policymakers,
the significance of government-related factors highlights the continued importance of coherent policy
frameworks, regulatory support, and digital infrastructure development to accelerate Industry 4.0
adoption. For researchers, the thirteen-factor model provides a robust and empirically grounded framework
that complements existing global reference models such as INDI 4.0 and IMPULS, while offering greater
contextual relevance for manufacturing firms in developing economies.

Despite its contributions, this study is subject to several limitations. The empirical analysis is confined to
the manufacturing sector, which may limit the generalisability of the findings to other industries; and the
cross-sectional research design captures Industry 4.0 readiness at a single point in time. Future research
could extend this work by conducting cross-country comparative studies, applying longitudinal designs to
examine the evolution of readiness and maturity over time, and undertaking in-depth case studies to
explore implementation dynamics at the firm level. In addition, the validated measurement model may be
applied to assess and map Industry 4.0 readiness and maturity in different manufacturing subsectors,
providing valuable insights for both strategic decision-making and national industrial policy.
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