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Abstract

The digital carbon footprint denotes the environmental impact generated by digital tech-
nologies throughout their lifecycle. Industry 4.0 manufacturing environments rely exten-
sively on data processing, information storage, and artificial intelligence, thereby increas-
ing energy demand and associated carbon emissions. These conditions have intensified
interest in Green Al, particularly in applications such as predictive maintenance and col-
laborative human-machine systems. This research investigates determinants of behav-
ioural intention to adopt Green Al through an extended Unified Theory of Acceptance
and Use of Technology (UTAUT) model tailored to Industry 4.0 and sustainability con-
texts. The framework incorporates performance expectancy, Industry 4.0 eligibility, tech-
nology influence, digital manufacturing competence, sustainability conditions, Green Al
recognition, and green manufacturing concern. Data were obtained from an anonymous
survey of 1003 Generation Z students enrolled in technical disciplines and preparing for
manufacturing-oriented careers. Relationships among constructs were analysed using
partial least squares structural equation modelling (PLS-SEM). The model demonstrates
strong explanatory and predictive capability. Adoption intention is primarily associated
with performance expectancy, Industry 4.0 eligibility, and digital manufacturing compe-
tence, while sustainability-oriented perceptions play a contextual rather than direct be-
havioural role. The study offers a domain-specific empirical extension of UTAUT within
pre-workforce technical education rather than proposing a new acceptance theory. The
findings reflect intention formation prior to labour-market entry and require validation in
operational manufacturing settings before broader generalisation.

Keywords: UTAUT; Industry 4.0 eligibility; technology influence; digital manufacturing
competence; sustainability conditions; Green Al recognition; green manufacturing
concern; green digital footprint; Gen Z; future technicians; collaborative manufacturing;
digital manufacturing competence; PLS-SEM; sustainable development goals (SDGs)

1. Introduction

Industry 4.0 marks a structural shift in manufacturing systems and industrial econ-
omies driven by advanced digitalisation [1]. The integration of data analytics, machine
learning, cloud computing, the Internet of Things, and artificial intelligence has reshaped
production and organisational processes. These technologies enhance efficiency and
productivity but also increase energy demand and digital carbon emissions [2,3].
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Industry 4.0 is frequently associated with the Sustainable Development Goals
(SDGs), particularly SDG 9 (industry, innovation, and infrastructure), SDG 12 (responsi-
ble consumption and production), and SDG 13 (climate action). Greater resource effi-
ciency, waste reduction, and optimised energy use can support sustainable industrial de-
velopment and competitiveness [4,5]. Nevertheless, the rapid expansion of digital infra-
structure introduces additional environmental pressures that complicate sustainability
ambitions [6].

Green Al has emerged as a response to these tensions, emphasising computational
efficiency and environmentally responsible design and deployment of artificial intelli-
gence. Its relevance is pronounced in Industry 4.0 applications—such as predictive
maintenance and collaborative human-machine manufacturing—where large-scale data
processing and continuous computation are required [7-9].

This study examines Generation Z students enrolled in technical majors and prepar-
ing for manufacturing-oriented careers. The analysis is situated in a pre-workforce edu-
cational context and therefore addresses intention formation rather than actual workplace
adoption. The findings should be interpreted as indicators of readiness prior to labour-
market entry, not as evidence of behaviour among practising technicians [10].

Early understanding of students’ orientation toward sustainable digital technologies,
including Green Al, is important for shaping future industrial practices and mitigating
the long-term digital carbon footprint [6]. Prior research highlights the need to examine
Gen Z's readiness to engage with sustainability-oriented Al tools in technologically inten-
sive domains [11,12]. The expansion of Industry 4.0 technologies reinforces this need by
linking digital transformation with rising computational energy consumption and envi-
ronmental impact [13-15].

Gen Z represents a cohort socialised in pervasive digital environments characterised
by continuous connectivity, mobile technologies, and platform-based interaction [16].
Technical education is consequently undergoing rapid transformation, with Al-enabled
tools influencing knowledge acquisition, skills development, and professional prepara-
tion for industrial roles [17].

Gen Z students’ readiness to adopt sustainability-oriented Al tools is critical to the
implementation of Al-driven sustainability strategies within Industry 4.0 institutions.
This readiness includes developing Al literacy, supporting self-directed learning, and pro-
moting responsible technology use. Together, these factors contribute to long-term edu-
cational and industrial resilience [18].

Technology acceptance frameworks, most notably the Unified Theory of Acceptance
and Use of Technology (UTAUT), have been widely applied to examine Al adoption.
However, the original model does not fully address domain-specific conditions such as
Industry 4.0 eligibility, digital manufacturing competence, or sustainability-oriented Al
practices, limiting its explanatory precision in performance-intensive industrial contexts
[19].

Empirical evidence linking Green AI adoption to a sustainable digital footprint re-
mains sparse. Existing studies tend to emphasise technological capability and efficiency,
while paying less attention to educational preparation and the development of sustaina-
bility-oriented behavioural norms. This gap is increasingly consequential as Al-enabled
industrial ecosystems expand.

The present study investigates how Gen Z students in technical disciplines perceive
technological, readiness-related, competence-based, and sustainability-related factors that
shape their behavioural intention to adopt Green Al within Industry 4.0 environments.
Rather than proposing a new acceptance model, the study develops a contextualised ex-
tension of UTAUT aligned with sustainability-driven industrial transformation.

The study addresses the following research questions:
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RQ1: What technological and performance-related factors influence Gen Z students’
behavioural intentions to adopt Green Al in Industry 4.0-oriented technical education?

RQ2: How do Industry 4.0 eligibility and digital manufacturing competence shape
performance expectancy and adoption intentions toward Green AI?

RQ3: To what extent do sustainability-related perceptions—namely, sustainability
conditions, Green Al recognition, and green manufacturing concern— contribute to Green
Al adoption intentions among Gen Z students in technical majors?

A structured research design was implemented to ensure conceptual clarity and
methodological transparency. Data collection and analytical procedures were explicitly
aligned with the proposed framework, enabling careful interpretation of both significant
and non-significant relationships. This approach supports a focused contribution to un-
derstanding Green Al adoption within sustainability-oriented Industry 4.0 education.

The current article is organised as follows: Section 1, the Introduction, highlights the
study background, motivates the research problem, and states the research questions. Sec-
tion 2 presents the literature review and develops the hypotheses based on a contextual-
ised extension of UTAUT for Industry 4.0 and Green Al adoption. Section 3 describes the
research design, including sample, instrument development, data collection procedures,
and the PLS-SEM analytical approach. Section 4 reports the results for the measurement
and structural models, including MICOM-based invariance assessment and hypothesis
testing. Section 5 discusses the findings by linking the interpretations to the reported re-
sults and tables. Section 6 concludes with the main theoretical and practical implications,
and Section 7 outlines the study limitations and directions for future research.

2. Research Hypothesis and Literature Review
2.1. Green Al Adoption Intentions Among Gen Z Students

Generation Z (Gen Z), generally defined as individuals born between 1997 and 2012,
is widely recognised as a digital native cohort. They grew up with continuous access to
the internet, smartphones, and digital technologies, which shaped their familiarity with
technology [20]. In Industry 4.0 contexts, Gen Z’s adoption of emerging technologies is
influenced by several key technological, organisational, and individual factors [21].

Performance Expectancy (PE) refers to the extent to which an individual believes that
using a technology will improve learning outcomes or task performance [22]. Green Al
tools are more likely to gain acceptance when students perceive them as strengthening
technical competence, academic outcomes, and preparedness for sustainable industrial
practice [7,23].

H1. Performance expectancy positively influences students’ (future technicians’) behavioural in-
tention to adopt Green Al in collaborative manufacturing systems.

Industry 4.0 Eligibility (I4E) reflects individuals” perceptions of organisational read-
iness, infrastructural maturity, system compatibility, and the availability of technical sup-
port required to use Green Al effectively in Industry 4.0 environments. This construct ex-
tends the facilitating conditions component of the UTAUT model by addressing the spe-
cific infrastructural and technological demands of advanced manufacturing contexts [24].
Even among digitally fluent learners, usability and institutional preparedness remain crit-
ical during early training stages [25]. Technologies that require lower cognitive and oper-
ational effort are more likely to be accepted in educational settings [16].

H2. Industry 4.0 eligibility positively influences students’ behavioural intention to adopt Green
Al in collaborative manufacturing systems.
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Technology Influence (TT) refers to the extent to which individuals perceive that im-
portant others —such as peers, instructors, or educational institutions —support or encour-
age the use of a technology. Normative support within academic environments can legit-
imise the relevance of Green Al and shape students’ willingness to engage with it [26].

H3. Technology positively influences students’ behavioural intention to adopt Green Al in collab-
orative manufacturing systems.

Sustainability Conditions (SC) represent the availability of supporting infrastructure,
training, and organisational resources that facilitate effective technology use [27]. Ade-
quate support for sustainability can reduce adoption barriers and increase student confi-
dence, particularly when engaging with complex Al systems in Industry 4.0 learning en-
vironments [28]. Thus, the following hypothesis is proposed:

H4. Sustainability conditions positively influence students’ behavioural intention to adopt Green
Al in collaborative manufacturing systems.

2.2. Industry 4.0, Green Al, and the Green Digital Footprint

The original Unified Theory of Acceptance and Use of Technology (UTAUT) pro-
vides a general explanation of technology adoption. Still, it does not fully account for the
operational and sustainability demands of Industry 4.0 environments. This study, there-
fore, applies a contextualised extension of UTAUT in which Green AI adoption is concep-
tualised as both performance-driven and capability-dependent within sustainability-ori-
ented technical education. Value-oriented elements—such as Al awareness and environ-
mental concern—are treated as contextual antecedents, while digital competence reflects
the ability to apply Al responsibly in practice.

The green digital footprint is operationalised here as a perceptual indicator of sus-
tainability. It reflects students” awareness of computational efficiency and their intention
to minimise unnecessary processing, redundant use of Al, or resource-intensive digital
behaviour. The construct does not directly measure energy consumption or emissions;
rather, it links Green Al adoption to responsible technology engagement in educational
settings [29].

Industry 4.0 technologies are often energy-intensive, which highlights the im-
portance of adopting a sustainability-oriented perspective when examining Al adoption
decisions [30]. To address this issue, the present study extends the UTAUT model by in-
corporating digital manufacturing competence, Green Al recognition, and green manu-
facturing concern as additional predictors [31].

Digital Manufacturing Competence (DMC) refers to students’ ability to use advanced
digital and Al-based technologies in technical and manufacturing-related contexts [32].
Higher competence is expected to increase self-efficacy and reduce uncertainty when en-
gaging with Green Al tools, leading to stronger adoption intentions among Gen Z stu-
dents [33].

H5. Digital manufacturing competence positively influences students” behavioural intention to
adopt Green Al in collaborative manufacturing systems.

Green Al Recognition (GAR) reflects individuals’ awareness and understanding of
Al concepts, including ethical considerations, computational efficiency, and environmen-
tal implications [34]. Greater awareness may increase appreciation of Green Al’s role in
reducing energy consumption and supporting sustainable industrial practices [8,15].
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H6. Green Al recognition positively influences students’ behavioural intention to adopt Green Al
in collaborative manufacturing systems.

Green Manufacturing Concern (GMC) represents individuals’ concern for environ-
mentally responsible manufacturing and sustainable industrial behaviour [35]. Since
Green Al aims to reduce the environmental impact of digital technologies, students with
stronger sustainability concerns are expected to show higher adoption intentions. This
behaviour contributes to a greener digital footprint in Industry 4.0 ecosystems [8,15].

H7. Green manufacturing concern positively influences students’ behavioural intention to adopt
Green Al in collaborative manufacturing systems.

HS. Industry 4.0 eligibility positively influences the performance expectancy of Green Al in col-
laborative manufacturing systems.

3. Materials and Methods
3.1. Sample and Research Population

Participants were recruited from colleges that offer Industry 4.0-relevant technical
programs, including computing and data sciences, engineering-related disciplines, en-
ergy and sustainability, and applied sciences. These programs were selected because they
develop the digital and analytical skills required for Industry 4.0 and commonly serve as
pathways to industrial and manufacturing-related careers [36].

The sample consisted of Generation Z students aged 18-23 years enrolled in technical
majors at higher-education institutions in the Kingdom of Saudi Arabia. International en-
rolment within these programs produced a cohort representing multiple national back-
grounds. For analytical purposes, participants were conceptualised as future manufactur-
ing technicians, reflecting the occupational orientation of their academic training; none
were employed as practising technicians at the time of data collection.

A total of 1003 students participated in the study, including 473 males and 530 fe-
males, from nine developing countries: Saudi Arabia, Egypt, Jordan, Yemen, Syria, India,
the Philippines, Pakistan, and Bangladesh (see Table 1a,b).

Universities were selected to ensure variation in geographic location, institutional
size, and sector, including large public universities, medium-sized institutions, and pri-
vate universities. Data was collected over eight months from April to November 2025.
Each participant completed the questionnaire once, resulting in a cross-sectional dataset.
This design is suitable for examining associations among latent constructs but does not
allow causal inference.

A non-probability, voluntary-response sampling strategy was employed due to in-
stitutional access constraints. The survey was disseminated through official academic
communication channels within participating colleges. The findings, therefore, represent
pre-workforce technical learners rather than the wider population of employed manufac-
turing technicians.

Table 1. (a,b) Sample demographic characteristics (n = 1003; M = male; F = female).

@)
Demographic KSA EGY JOR YEM SYR IND PHL PAK BGD Sum

F 153 151 63 51 33 29 19 22 9 530
M 149 128 50 47 25 26 18 23 7 473
Total 302 279 113 98 58 55 37 45 16 1003
% 3011 2782 1127 9.77 578 548 3.69 449 1.60 100

(b)
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Colleges FOS CAFS FVM CES SUM
F 169 147 152 62 530
M 163 149 101 60 473
Total 332 296 253 122 1003
% 33.10 29.51 25.22 12.16 100

3.2. Instrument and Data Collection

Data was collected using an anonymous structured questionnaire designed to meas-
ure factors influencing students’ behavioural intentions to adopt Green Al tools. The
study followed a cross-sectional design, with each participant responding once during the
collection period. Participation was voluntary, and confidentiality and anonymity were
assured.

Distribution occurred through institutional communication channels, accompanied
by a brief description emphasising the relevance of Green Al to Industry 4.0 skills and
sustainable digital transformation.

The questionnaire consisted of three sections: The first collected demographic infor-
mation, including gender, academic specialisation, and educational context. The second
section presented an informed consent statement describing the study objectives and eth-
ical safeguards. The third section included Likert-scale items measuring the constructs of
the proposed theoretical model.

Measurement items were adapted from established and validated scales to ensure
conceptual accuracy and reliability. Minor wording modifications were made to align the
items with the Industry 4.0 and Green Al context without altering their theoretical mean-
ing. Performance expectancy was measured using five items (PE1-PE5) adapted from
prior technology acceptance research [37,38].

Industry 4.0 eligibility was assessed using five items (I4E1-I14E5) capturing percep-
tions of organisational readiness, infrastructural maturity, and technological compatibil-
ity [14,24]. The influence of technology was measured using five items (TI1-TI5) reflecting
organisational guidance and technological leadership. Sustainability conditions were
measured using four items (SC1-SC4), capturing perceptions of institutional support
[37,39].

Digital manufacturing competence was measured using four items (DMC1-DMC4)
reflecting students’ digital and technical skills [39,40]. Green Al recognition was assessed
using four items that measured respondents” awareness of computational efficiency, en-
ergy consumption, and responsible Al training and inference practices. Green manufac-
turing concern was measured using four items capturing general concern for environmen-
tally responsible manufacturing practices [41]. Behavioural intention was assessed using
four items (BI1-BI4) adapted from previous studies [42].

To ensure cultural and linguistic validity, the instrument was reviewed by 15 bilin-
gual experts in higher education, engineering, and information technology. These experts
evaluated the items for content validity, cultural relevance, and conceptual clarity. In ad-
dition, ten students reviewed both the Arabic and English versions of the questionnaire
to assess readability and contextual appropriateness.

A forward-backward translation procedure, verified by a bilingual review commit-
tee, was applied to ensure semantic equivalence between language versions. Minor word-
ing refinements were made to improve clarity. A pilot study with 17 participants con-
firmed satisfactory internal consistency and reliability across all constructs [43].

All constructs were modelled as reflective latent variables and analysed using Partial
Least Squares Structural Equation Modelling (PLS-SEM). This method is suitable for pre-
dictive research involving complex models, multiple latent constructs, and large samples.
It is also robust to non-normal data distributions. Measurement statistics—including
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outer loadings, composite reliability, average variance extracted (AVE), cross-loadings,
and the heterotrait-monotrait (HTMT) ratio—were exported directly from the PLS-SEM
output to minimise transcription errors.

Indicators exhibiting potential redundancy or excessively high loadings or composite
reliability (above 0.95) were carefully examined for semantic overlap. Redundant items
were removed when necessary to preserve construct validity, reliability, and conceptual
distinctiveness. The analysis assumes reflective measurement, independence of observa-
tions, and accurate self-reporting by participants [44,45].

Measurement invariance was assessed prior to pooling the multi-country sample us-
ing the Measurement Invariance of Composite Models (MICOM) procedure. Configural
and compositional invariance were established across country and college subgroups, in-
dicating equivalence of construct measurement. The pooled dataset was therefore used to
estimate the structural model, and interpretations were made cautiously across contexts.

3.3. Software, Versions, and Reproducibility Details

All analyses were conducted using the following software and settings to support
reproducibility. SmartPLS 4.0 (SmartPLS GmbH, Bonningstedt, Germany) was used for
the primary PLS-SEM analysis, moderation modelling, bootstrapping with 5000 subsam-
ples, MICOM measurement invariance testing, and simple slope visualisation. IBM SPSS
Statistics 29 was used for data screening, descriptive statistics, missing-data diagnostics,
and preliminary robustness checks.

AMOS 29 was used to run a confirmatory factor analysis (CFA) with maximum like-
lihood estimation to assess standard method variance. Key analytical settings included
the path weighting scheme, mean-centring of indicators for interaction terms, bias-cor-
rected bootstrap confidence intervals, and two-tailed significance testing at o = 0.05. These
details are reported to enable independent replication of the whole analytical workflow.

4. Results

Measurement invariance was assessed prior to pooling the multi-country and multi-
college sample using the Measurement Invariance of Composite Models (MICOM) proce-
dure in PLS-SEM. MICOM was evaluated following the standard three-step approach:
(Step 1) configural invariance, ensuring identical indicators, data treatment, and estima-
tion settings across groups; (Step 2) compositional invariance, examined through a per-
mutation test of the correlations between composite scores; and (Step 3) equality of com-
posite means and variances across groups. Permutation testing was conducted using 5000
permutations with two-tailed testing at o = 0.05. The results supported partial measure-
ment invariance (configural and compositional invariance) across countries and college
subgroups, which justifies pooling the data for structural model estimation while inter-
preting cross-context generalisations with appropriate caution.

As shown in Table 2, configural and compositional invariance were established
across both country and college groupings, indicating partial measurement invariance.
This level of invariance is sufficient to justify pooling the data for subsequent structural
model estimation while interpreting general cross-group differences with appropriate
caution.

Table 2. MICOM Assessment of Measurement Invariance Across Country and College Groups.

Construct CI co EMV INV
Ctry Coll Ctry Coll Ctry Coll Ctry Coll
PE Yes Yes Yes Yes No No Partial Partial
T4E Yes Yes Yes Yes No No Partial Partial

https://doi.org/10.3390/info17020217
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TI Yes Yes Yes Yes No No Partial Partial
SC Yes Yes Yes Yes No No Partial Partial

DMC Yes Yes Yes Yes No No Partial Partial
GAR Yes Yes Yes Yes No No Partial Partial
GMC Yes Yes Yes Yes No No Partial Partial

BI Yes Yes Yes Yes No No Partial Partial

Note. CI = Configural Invariance; CO = Compositional Invariance (permutation test with 5000 per-
mutations); EMV = Equality of Means and Variances (MICOM Step 3); INV = Level of Measurement
Invariance; Ctry = Country groups; Coll = College groups. Construct abbreviations: Performance
Expectancy (PE); Industry 4.0 Eligibility (I4E); Technology Influence (TI); Sustainability Conditions
(5C); Digital Manufacturing Competence (DMC); Green Al Recognition (GAR); Green Manufactur-
ing Concern (GMC); Behavioural Intention (BI).

Table 3 presents the assessment of the measurement model. The results confirm that
all constructs meet the recommended criteria for indicator reliability, convergent validity,
and internal consistency within the PLS-SEM framework.

Indicator reliability is well established. All outer loadings exceed the recommended
threshold of 0.70, ranging from 0.73 to 0.88. These values indicate strong relationships
between indicators and their respective constructs. No indicators were removed.

Convergent validity is supported, as average variance extracted (AVE) values range
from 0.57 to 0.74, exceeding the minimum threshold of 0.50. Each construct accounts for
more than half of the variance in its indicators, indicating adequate construct coherence.

Internal consistency is also satisfactory. Composite reliability (CR) values range from
0.84 to 0.93, and Cronbach’s alpha values range from 0.80 to 0.90. All values exceed the
accepted threshold of 0.70, with no evidence of redundancy.

Constructs that later showed significant structural effects —namely performance ex-
pectancy, Industry 4.0 eligibility, technology influence, digital manufacturing compe-
tence, and behavioural intention —exhibit stronger measurement properties, reflected in
higher AVE and reliability values.

In contrast, sustainability conditions, Green Al recognition, and green manufacturing
concern show acceptable but comparatively moderate convergent validity. This pattern
supports their role as contextual or value-oriented factors rather than primary behavioural
drivers [46]. Overall, the measurement model is statistically sound and theoretically co-
herent, providing a solid foundation for structural model analysis and hypothesis testing
(see Figure 1).

Table 3. Quality Criteria for the Conceptual Model.

Constructs Loadings Mean AVE CR a
Performance Expectancy (PE) 086 074 0.93 0.9
PE1 0.88
PE2 0.85
PE3 0.87
PE4 0.83
PE5 0.86
Industry 4.0 Eligibility (I4E) 084 071 092 0.89
I4E1 0.86
I4E2 0.83
I4E3 0.85
I4E4 0.81
14E5 0.84
Technology Influence (TI) 079 063 0.89 0.85
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TI1 0.82
TI2 0.81
TI3 0.78
TI4 0.77
TI5 0.79
Sustainability Conditions (5C) 078 059 0.85 0.81
SC1 0.81
SC2 0.77
5C3 0.76
SC4 0.74
Digital Manufacturing Competence (DMC) 08 064 088 0.84
DMC1 0.82
DMC2 0.78
DMC3 0.77
DMC4 0.81
Green Al Recognition (GAR) 0.76 058 0.84 0.8
GAR1 0.78
GAR2 0.75
GAR3 0.74
GAR4 0.73
Green Manufacturing Concern (GMC) 077 057 0.84 0.8
GMC1 0.76
GMC2 0.75
GMC3 0.73
GMC4 0.74
Behavioural Intentions (BI) 084 071 091 0.88
BI1 0.82
BI2 0.83
BI3 0.81
BI4 0.86

0. 0.84 0.82 077 0.79 081 077 o076 074 082 078 077 081 078 075 074 073

. .85 0.87 0.83 0.86 7e Vi 0.73 ), 74
088 08 087 §6 083 085 081 081 078 077 07 076 075 073 074

Industry 40 Technology
Expectancy Influence

Green Al
Recognition

H5 H6 ur

Q=041
Behavioral

Intentions

0.82 0.83 0.81 0.86

Figure 1. Statistical model.

Table 4 presents the factor cross-loading analysis conducted to assess discriminant
validity within the PLS-SEM framework. Likewise, discriminant validity is established
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when each indicator loads more highly on its theoretically assigned latent construct than

on any other construct in the model.

As shown, all indicators demonstrate their highest loadings on their respective con-

structs, confirming that the constructs are empirically distinct. In addition, the result

aligns with established methodological standards [43], and validates the discriminant va-

lidity of the measurement model.

Table 4. Factor cross-loading analysis.

Item PE I4E TI SC DMC GAR GMC BI
PE1 0.88 058 041 0.36 0.44 0.4 033 0.62
PE2 0.85 056 04 035 0.42 039 0.32 0.6
PE3 0.87 057 041 0.36 0.43 0.4 033 0.61
PE4 0.83 054 039 034 0.41 038 031 0.58
PE5 0.86 056 04 035 0.42 039 0.32 0.6
I4E1 0.57 086 043 041 0.48 039 034 0.52
I4E2 0.55 083 041 0.39 0.46 038 0.33 0.5
I4E3 0.56 085 042 04 0.47 039 034 051
I4E4 0.53 081 04 038 0.45 037 032 048
I4E5 0.55 0.84 041 0.39 0.46 038 0.33 0.5
TI1 0.41 043 0.82 045 0.39 036 034 04
TI2 0.4 042 08 044 0.38 035 033 0.39
TI3 0.39 041 078 043 0.37 034 032 038
T4 0.38 04 077 042 0.36 033 031 037
TI5 0.39 041 079 043 0.37 034 032 0.38
SC1 0.36 041 045 08 0.42 033 038 0.34
SC2 0.35 039 044 0.77 0.41 032 037 033
SC3 0.34 04 043 0.76 0.4 031 036 0.32
5C4 0.33 038 042 0.74 0.39 0.3 035 031
DMC1 0.44 048 039 042 0.82 0.46 0.3 0.46
DMC2 0.42 046 038 041 0.78 044 029 044
DMC3 0.41 045 037 04 0.77 043 028 043
DMC4 0.43 047 038 041 0.81 045 029 045
GAR1 0.4 039 036 033 0.46 078 031 0.36
GAR2 0.39 038 035 0.32 0.44 0.75 03 035
GAR3 0.38 037 034 031 0.43 074 029 034
GAR4 0.37 036 033 03 0.42 073 029 033
GMC1 0.33 034 034 038 0.3 031 076 0.32
GMC2 0.32 033 033 037 0.29 0.3 075 031
GMC3 0.31 032 032 0.36 0.28 029 0.73 0.3
GMC4 0.32 033 033 035 0.29 029 074 031
BI1 0.62 052 04 034 0.46 036 032 0.82
BI2 0.6 05 039 033 0.44 035 031 0.83
BI3 0.61 051 038 0.32 0.43 0.34 0.3 0.81
BI4 0.64 053 041 035 0.47 037 033 0.86

Table 4 reports on the cross-loading analysis. Discriminant validity is established

when each indicator loads more strongly on its intended construct than on any other con-

struct. All indicators exhibit the highest loadings on their respective constructs. Perfor-

mance expectancy items load between 0.83 and 0.88, with substantially lower cross-load-

ings on other constructs. This confirms a clear separation between performance expec-

tancy and other adoption-related dimensions.
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Industry 4.0 eligibility indicators load strongly on their construct (0.81-0.86), with
weaker cross-loadings on technology influence and sustainability conditions. This result
confirms that perceived infrastructural readiness is empirically distinct from individual
competence and perceptions of sustainability.

Technology influence indicators load between 0.77 and 0.82, while cross-loading re-
mains consistently lower —sustainability condition indicators load between 0.74 and 0.80.
Although moderate cross-loadings are observed for Industry 4.0 eligibility and technol-
ogy influence, each indicator loads highest on its own construct, confirming empirical dis-
tinctiveness.

Digital manufacturing competence indicators load between 0.77 and 0.82, with lower
cross-loadings than those for all other constructs. Green Al recognition and green manu-
facturing concern also load most strongly on their respective constructs, with no problem-
atic cross-loadings. Behavioural intention indicators show high loadings (0.81-0.86) and
remain clearly distinct from other constructs. These results provide strong evidence of
discriminant validity. No indicator loads more highly on a non-target construct than on
its intended construct.

Table 5 presents the Fornell-Larcker criterion results. Discriminant validity is con-
firmed when the square root of AVE for each construct exceeds its correlations with other
constructs. For all constructs, diagonal values exceed the corresponding off-diagonal cor-
relations. Although moderate correlations exist between related constructs—such as per-
formance expectancy and behavioural intention (r = 0.71)—they remain below the square
root of AVE values. Sustainability-related constructs show weaker correlations with be-
havioural intention, which aligns with the structural model results.

Table 5. Fornell-Larcker Discriminant Validity Assessment.

PE I4E TI SC DMC GAR GMC BI

PE 0.86
I4E 0.6 0.843
TI 0.44 046 0.794
SC 0.38 042 048 0.768
DMC 0.49 0.54 04 045 0.8
GAR 0.43 041 037 0.34 0.52 0.762
GMC 0.34 035 036 044 0.31 0.32 0.755
BI 0.71 056 045 0.36 0.52 038 034 0.843

Table 6 reports the heterotrait-monotrait (HTMT) ratio. All HTMT values range from
0.41 to 0.83, remaining below the conservative threshold of 0.85. The highest HTMT values
are observed for the relationships between performance expectancy and behavioural in-
tention (0.83), Industry 4.0 eligibility and behavioural intention (0.74), and digital manu-
facturing competence and behavioural intention (0.71). These values indicate strong but
non-redundant relationships.

Table 6. Results of the Heterotrait-Monotrait (HTMT).

Construct Pair HTMT

PE—I4E 0.72
PE—TI 0.52
PE—SC 0.46

PE—DMC 0.6

PE—GAR 0.57

PE—GMC 041
PE—BI 0.83
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4E—TI 0.55
I14E—SC 0.57
I4E—DMC 0.69
I4E—GAR 0.55
I4E—GMC 0.43
4E—BI 0.74
TI—-SC 0.62
TI—-DMC 0.5
TI—GAR 0.48
TI—GMC 0.49
TI—BI 0.58
SC—-DMC 0.6
SC—GAR 0.46
SC—-GMC 0.66
SC—BI 0.49
DMC—-GAR 0.74
DMC—-GMC 0.42
DMC—BI 0.71
GAR—-GMC 0.44
GAR—BI 0.52
GMC—BI 0.45

Sustainability conditions, Green Al recognition, and green manufacturing concern
consistently show lower HTMT values for behavioural intention. This pattern further sup-
ports their contextual role rather than direct behavioural influence. Together, the cross-
loadings, Fornell-Larcker criterion, and HTMT results confirm strong discriminant valid-
ity and robustness of the measurement model.

Table 7 presents the structural model results based on a non-parametric bootstrap-
ping procedure with 5000 resamples, two-tailed testing, and a 95% confidence interval.

The model accounts for a substantial proportion of the variance in behavioural inten-
tion (R? = 0.62), indicating strong explanatory power. Performance expectancy shows the
strongest direct effect on behavioural intention (f = 0.36, p < 0.001), supporting H1. This
result indicates that perceived performance and productivity gains are the primary driv-
ers of Green Al adoption intentions.

Table 7. Structural Model Estimates and Fit Statistics.

RHs Path B t p R>  Supported
H1 PE—BI 0.36 112 <0.001 Yes
H2 I4E—BI 0.24 6.5 <0.001 Yes
H3 TI—BI 0.12 29 0.004 Yes
H4 SC—BI 0.05 13 0193  0.62 No
H5 DMC—BI 0.2 5.7 <0.001 Yes
Hé6 GAR—BI 0.04 1.1 0.271 No
H7 GMC—BI 0.06 1.4 0.162 No
H8 I4E—PE 0.55 16.1 <0.001  0.36 Yes

Industry 4.0 eligibility has a significant positive effect on behavioural intention, sup-
porting H2. It also strongly predicts performance expectancy (3 =0.55, p <0.001), support-
ing H8. These findings highlight the importance of infrastructural readiness and system
compatibility in shaping both adoption intentions and performance expectations.

Technology influence has a positive but modest effect on behavioural intention (f =
0.12, p < 0.01), supporting H3. Digital manufacturing competence also significantly
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influences behavioural intention (8 = 0.20, p <0.001), supporting H5. These results empha-
sise the role of organisational guidance and individual capability in Green Al adoption.

In contrast, sustainability conditions, Green Al recognition, and green manufacturing
concern do not show significant direct effects on behavioural intention. As a result, H4,
H6, and H7 are rejected. These constructions appear to function as contextual or value-
based factors rather than immediate behavioural drivers.

Table 8 reports the structural model quality metrics. Behavioural intention shows
strong explanatory power (R? = 0.62) and high predictive relevance (Q? = 0.41). Perfor-
mance expectancy also demonstrates moderate explanatory power (R? = 0.36).

Table 8. Structural Model Quality Metrics.

Endogenous Construct Predictor R? f2 Q2 Effect Level
PE 0.29 High
I4E 0.14 Medium
TI 0.05 Minor
BI SC 0.62 0.01 0.41 Negligible
DMC 0.11 Medium
GAR 0.01 Negligible
GMC 0.02 Minor
PE I4E 0.36 0.56 0.25 High

Effect size analysis reveals that performance expectancy has a significant effect on
behavioural intention (f2=0.29). Industry 4.0 eligibility (f2=0.14) and digital manufactur-
ing competence (f> = 0.11) show medium effects. Technology’s influence has a small effect
(f2=0.05), whereas sustainability-related constructs exhibit negligible to minor impacts.

The results indicate a clear hierarchy of predictors. Green Al adoption intentions are
primarily driven by performance expectancy, Industry 4.0 eligibility, and digital manu-
facturing competence. Sustainability-oriented constructs play an enabling or contextual
role rather than acting as primary behavioural drivers.

5. Discussion

Performance expectancy is the strongest direct predictor of behavioural intention to
adopt Green Al in Industry 4.0-oriented learning contexts (PE — BI: = 0.36, p < 0.001;
Table 7). The model explains a substantial proportion of variance in behavioural intention
(R2=10.62; Table 7) and demonstrates strong predictive relevance (Q* = 0.41; Table 8). To-
gether, these results indicate that adoption intention in this pre-workforce cohort is pri-
marily instrumental; students report higher intention when they expect tangible perfor-
mance gains from Green AL

Extending the Unified Theory of Acceptance and Use of Technology (UTAUT) with
Industry 4.0 eligibility and digital manufacturing competence enhances its explanatory
relevance for technologically intensive and sustainability-sensitive settings. Traditional
UTAUT variables explain general acceptance behaviour, but they insufficiently represent
the infrastructural and capability conditions that characterise Industry 4.0 ecosystems.
The present results indicate that readiness-related and competence-based factors exert
greater influence than normative or value-oriented motivations [4].

Industry 4.0 eligibility plays a central enabling role. It has a significant direct effect
on behavioural intention (I4E — BI: g = 0.24, p < 0.001; Table 7) and a strong effect on
performance expectancy (I4E — PE: = 0.55, p <0.001; Table 7), explaining over one-third
of PE variance (R2= 0.36; Table 7). The effect size for I4E on PE is large (f2= 0.56; Table 8),
indicating that perceptions of infrastructural readiness, compatibility, and support
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meaningfully shape expected performance benefits, which in turn relate to intention. This
finding is consistent with prior Industry 4.0 research [1,37,47].

Technology influence has a smaller but significant effect (TT — BL: §=0.12, p = 0.004;
Table 7) and a minor effect size (f2 = 0.05; Table 8). This indicates that perceived encour-
agement from instructors, peers, or institutional leadership can reinforce intention, but it
does not outweigh performance- and readiness-related drivers. In technically mature con-
texts, social and organisational influence appears supportive rather than decisive
[15,19,26,48].

Digital manufacturing competence also significantly predicts behavioural intention.
Students with stronger digital and technical skills are more confident in using Green Al
tools and integrating them into manufacturing workflows. This result confirms that adop-
tion in Industry 4.0 contexts is capability-driven, where individual readiness enables the
translation of technological potential into practical use [8,19,49].

In contrast, sustainability-oriented constructs do not directly predict behavioural in-
tention in the structural model (SC — BI: = 0.05, p = 0.193; GAR — BI: § =0.04, p = 0.271;
GMC — BIL: = 0.06, p = 0.162; Table 7). Their effect sizes are negligible to minor (S5C {2 =
0.01; GAR £2=0.01; GMC £2=0.02; Table 8). Importantly, this is not a measurement artefact:
the constructs demonstrate acceptable reliability and convergent validity (Table 3), and
discriminant validity is supported via cross-loadings, Fornell-Larcker, and HTMT (Tables
4-6). Therefore, the more plausible interpretation is substantive: for pre-workforce learn-
ers, sustainability awareness and concern may function as contextual orientations rather
than immediate behavioural drivers, particularly when students have limited direct ex-
posure to operational energy costs, carbon accounting, or industrial Al trade-offs
[12,47,50].

The results collectively indicate a layered structure of influence. Performance expec-
tancy, Industry 4.0 eligibility, and digital manufacturing competence form the primary
behavioural pathway, while technology influence and sustainability-related constructs
provide contextual reinforcement rather than direct motivation [51,52].

For educational institutions seeking to encourage Green Al adoption, emphasis
should be placed on demonstrating tangible performance value, strengthening Industry
4.0 eligibility, and embedding applied digital manufacturing skills within curricula.
Awareness-based sustainability messaging alone is unlikely to drive engagement without
accompanying technical capability and perceived utility.

Interpretation must remain bound by the study design. The cross-sectional, self-re-
ported data capture intention formation among students rather than observable work-
place behaviour. Pre-workforce learners operate outside the organisational constraints,
production pressures, and cost structures that shape technology adoption in manufactur-
ing settings. Empirical validation in industrial environments is required to determine
whether these intention patterns translate into operational practice.

6. Conclusions

This study investigated determinants of technical college students” behavioural in-
tention to adopt Green Al within Industry 4.0-oriented collaborative manufacturing con-
texts. The proposed model extends the Unified Theory of Acceptance and Use of Technol-
ogy (UTAUT) by integrating Industry 4.0 eligibility, technology influence, digital manu-
facturing competence, Green Al recognition, sustainability conditions, and green manu-
facturing concern to reflect emerging digital sustainability demands.

The results identify performance expectancy as the primary driver of adoption inten-
tion. Industry 4.0 eligibility exerts both direct and indirect effects on intention, mediated
by performance expectations. Digital manufacturing competence further strengthens
adoption by enabling confident and effective engagement with Green Al tools.
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Sustainability conditions, Green Al recognition, and green manufacturing concerns
do not demonstrate significant direct behavioural effects. Their role appears contextual,
shaping awareness rather than motivating action in performance-oriented Industry 4.0
learning environments.

The findings reaffirm UTAUT as a useful baseline for explaining technology ac-
ceptance while demonstrating that its explanatory precision improves when readiness-
and competence-oriented constructs are incorporated. This contextual extension more ac-
curately reflects the conditions under which the adoption of sustainability-oriented Al is
shaped in technical education and pre-industrial preparation.

7. Future Research Opportunities and Limitations

Despite its theoretical and empirical contributions, several limitations should be con-
sidered when interpreting the findings and identifying directions for further investiga-
tion. The cross-sectional design relied on self-reported data, which may introduce com-
mon-method bias and limit causal interpretation. The analysis captures behavioural in-
tention rather than observable adoption of Green Al Longitudinal, experimental, or
mixed-methods approaches would allow examination of how intention evolves into ac-
tual usage as Industry 4.0 eligibility and digital manufacturing competence develop over
time.

The participant group comprised students enrolled in technical majors rather than
practising manufacturing technicians. Generalisation of operational industrial environ-
ments should therefore be made cautiously. Organisational pressures, production con-
straints, and direct exposure to Al deployment costs may shape adoption behaviour dif-
ferently in workplace settings. Replication within vocational training centres, manufac-
turing firms, and professional contexts would strengthen external validity.

The operationalisation of Green Al recognition reflected perceptual awareness and
did not include direct measurement of energy consumption, computational load, or car-
bon emissions. The green digital footprint was therefore assessed at the attitudinal level
rather than through objective efficiency indicators. Future research could incorporate
measurable sustainability metrics alongside behavioural constructs. Variables such as
trust in Al systems, ethical risk perception, algorithmic transparency, and organisational
sustainability culture may further enhance explanatory depth.

The sample integrates multiple national and institutional contexts. Measurement in-
variance was established in this study using the MICOM procedure, enabling pooled es-
timation of the structural model. Nevertheless, future research should extend this work
by conducting multi-group analysis (MGA) under established invariance (and/or by test-
ing additional group definitions, such as public vs. private institutions, vocational vs. uni-
versity pathways, and — critically —workplace technicians vs. students) before advancing
stronger cross-context claims.
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