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The progressive integration of artificial intelligence into
maritime operational systems — encompassing AI-assisted
navigation decision support, predictive maintenance
platforms, and machine-learning-based cargo optimization
tools — demands that maritime cadets possess not only
technical competency in conventional seamanship but the AI
literacy and adoption readiness necessary to work effectively
within intelligent operational environments. Yet empirical
evidence on AI literacy and adoption readiness among
Indonesian maritime cadets, differentiated by academic
program specialization, remains unavailable. This study
examines AI literacy and adoption readiness among 30 cadets
at Sekolah Tinggi Ilmu Pelayaran (STIP) Jakarta across Port
and Shipping Management (PSM), Deck Nautical (DN), and
Engine (ENG) programs using a Technology Acceptance
Model-based quantitative survey instrument. Significant
between-major differences were found on Perceived
Usefulness (F(2,27) = 4.18, p = .027), Behavioral Intention to
Adopt AI (F(2,27) = 6.43, p = .005), and Prior Digital Exposure
(F(2,27) = 3.94, p = .032). PSM cadets exhibited the highest
adoption readiness, DN cadets the lowest, and ENG cadets
were intermediate. The study establishes the first cross-major
AI readiness baseline within a single Indonesian maritime
academy and provides evidence-based priorities for
differentiated AI literacy curriculum integration.
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1. Introduction
Artificial intelligence is no longer a speculative technological future for the maritime industry — it is an
operational present. AI-assisted decision support systems are deployed on modern bridge equipment for
collision avoidance optimization; machine learning algorithms analyze engine performance sensor data for
predictive maintenance scheduling; natural language processing tools process shipping documentation and
automate cargo clearance workflows; and the International Maritime Organization's Maritime Autonomous
Surface Ships (MASS) regulatory framework anticipates progressively autonomous vessel operations across
four degrees of automation within the coming decade [1]. The cadets currently enrolled in maritime
vocational programs at Indonesian institutions such as Sekolah Tinggi Ilmu Pelayaran Jakarta will enter a
workforce in which AI-integrated operational systems are not exceptional but routine — yet the degree to
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which these cadets currently possess the AI literacy and adoption readiness to work productively within such
environments has not been empirically assessed.

AI literacy — encompassing awareness of what AI systems are and how they function, the ability to interact
with and critically evaluate AI tool outputs, and the capacity to make informed decisions about when and how
to rely on AI-generated recommendations — is increasingly recognized as a foundational professional
competency alongside domain-specific technical knowledge across regulated professional fields [2]. The
Technology Acceptance Model, first proposed by Davis [3] and subsequently extended into the Unified Theory
of Acceptance and Use of Technology by Venkatesh et al. [4], provides the most widely validated theoretical
framework for examining the determinants of technology adoption readiness at the individual level,
distinguishing the cognitive assessment of Perceived Usefulness and Perceived Ease of Use from the
behavioral outcome of Adoption Intention and the contextual factor of Prior Digital Exposure. Applied to AI
literacy among maritime cadets, TAM predicts that adoption readiness is shaped not by AI capability alone
but by cadets' perceptions of AI's professional usefulness, their confidence in their own ability to engage with
AI tools, and their prior exposure to digital technology environments — predictions that, if validated in a
maritime vocational education context, carry direct curriculum design implications.

The differentiation of AI literacy and adoption readiness across maritime academic program specializations is
analytically important and has not been investigated. STIP Jakarta's three programs — Port and Shipping
Management, Deck Nautical, and Marine Engineering — represent three distinct professional formation
trajectories whose digital technology exposure, operational contexts, and AI-relevant professional domains
differ substantially. PSM cadets are immersed in logistics, documentation, and port administration contexts
where digital platform use and data management are routine professional activities. DN cadets are formed
primarily through navigation and watchkeeping instruction in which electronic chart display, AIS, and ECDIS
constitute the existing technology ecosystem. ENG cadets are formed through propulsion system and
machinery management instruction where digital monitoring and diagnostic tools are increasingly central.
These distinct program contexts predict different patterns of AI awareness, perceived usefulness assessment,
and adoption readiness — a prediction this study empirically tests through cross-major comparison.

This study pursues two objectives: first, to measure AI literacy and TAM-construct adoption readiness among
STIP Jakarta cadets across the three academic programs using a validated instrument; and second, to identify
significant between-major differences in adoption readiness that provide differentiated curriculum
development priorities for STIP Jakarta's AI literacy integration agenda.

1.1 Theoretical Framework
The Technology Acceptance Model (TAM), introduced by Davis [3] and grounded in the Theory of Reasoned
Action, proposes that an individual's intention to adopt a new technology is jointly determined by two
primary perceptual constructs: Perceived Usefulness (PU) — the degree to which the individual believes the
technology will enhance their performance — and Perceived Ease of Use (PEOU) — the degree to which the
individual believes using the technology will be free of effort. Venkatesh et al.'s [4] UTAUT extension further
incorporates Social Influence and Facilitating Conditions as determinants, but the core PU-PEOU-Behavioral
Intention relationship remains the most empirically robust and broadly validated structure across diverse
technology adoption contexts.

Applied to AI literacy assessment in a maritime vocational education context, TAM's construct structure maps
directly onto the adoption readiness dimensions most educationally actionable: PU captures whether cadets
perceive AI as professionally relevant to their maritime career contexts — a perception that can be shaped
through curriculum integration demonstrating AI's actual maritime applications; PEOU captures cadets' self-
assessed confidence in engaging with AI tools — a perception addressable through structured hands-on AI
tool exposure; and Behavioral Intention captures the motivational readiness to actually adopt AI in
professional contexts — the downstream outcome that curriculum intervention ultimately seeks to develop
[5]. Prior Digital Exposure is included as a background variable capturing the accumulated technology
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experience that contextualizes current adoption readiness, consistent with established TAM applications in
vocational and professional education [6].

2. Method
This study employed a quantitative cross-sectional survey design, conducted at STIP Jakarta from August
2025 to March 2026 as part of the institution's broader Digital Transformation readiness assessment. The
participant population comprised 30 Level 2 cadets: 10 from each of the Port and Shipping Management
(PSM), Deck Nautical (DN), and Marine Engineering (ENG) programs, selected through purposive sampling to
ensure program representation and equivalence of academic year level. Level 2 cadets were selected because
they have completed foundational program coursework while remaining within the formal instructional
period in which curriculum reform would directly affect them. The pooled n=30 constitutes a deliberate
comparative design enabling between-major analysis rather than inference to the broader population; major-
level breakdowns are reported alongside pooled statistics throughout, consistent with methodological
guidance for small-sample comparative institutional studies [7].

The primary instrument was a 25-item TAM-adapted AI Literacy and Adoption Readiness Questionnaire,
comprising five subscales: AI Awareness (5 items addressing familiarity with AI concepts, tools, and maritime
applications), Perceived Usefulness (5 items addressing AI's relevance to maritime professional contexts),
Perceived Ease of Use (5 items addressing self-assessed confidence in AI tool interaction), Behavioral
Intention to Adopt (5 items addressing motivational readiness to use AI in future professional practice), and
Prior Digital Exposure (5 items addressing accumulated technology experience with digital tools, platforms,
and data systems). All items were scored on a five-point Likert scale (1 = Strongly Disagree to 5 = Strongly
Agree). The instrument was adapted from validated TAM instruments used in technology adoption research
[3], [4] with item wording modified to reflect maritime professional contexts following review by two
maritime education specialists. Internal consistency was established at Cronbach's α = 0.84 across all
subscales.

Data analysis employed descriptive statistics for overall and major-level means, and one-way ANOVA with
Tukey HSD post-hoc comparisons to identify significant between-major differences across each TAM
construct, with statistical significance threshold set at α = .05. All analyses were conducted using IBM SPSS
Statistics version 26 [8].

3. Results and Analysis
3.1 Descriptive Statistics: TAM Construct Means by Major
Table 1 presents mean scores across the five TAM constructs for each academic program group and the
pooled sample, revealing a consistent pattern of between-major variation with PSM cadets recording the
highest scores across all five constructs, DN cadets the lowest, and ENG cadets intermediate.

Table 1. TAM-Based AI Literacy and Adoption Readiness Means by Academic Program (n = 30)

TAM Construct PSM Cadets (n=10)
M (SD)

DN Cadets (n=10)
M (SD)

ENG Cadets (n=10)
M (SD)

Pooled Mean
(SD)

AI Awareness (AA) 3.78 (0.82) 3.32 (0.91) 3.61 (0.87) 3.57 (0.89)

Perceived Usefulness
(PU)

4.06 (0.74) 3.54 (0.88) 3.78 (0.79) 3.79 (0.84)

Perceived Ease of Use
(PEOU)

3.62 (0.86) 3.28 (0.93) 3.47 (0.88) 3.46 (0.89)

Behavioral Intention 3.91 (0.71) 3.18 (0.96) 3.52 (0.83) 3.54 (0.88)
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TAM Construct PSM Cadets (n=10)
M (SD)

DN Cadets (n=10)
M (SD)

ENG Cadets (n=10)
M (SD)

Pooled Mean
(SD)

(BI)

Prior Digital Exposure
(PDE)

3.74 (0.79) 3.12 (1.04) 3.38 (0.92) 3.41 (0.94)

Composite AI
Readiness

3.82 (0.78) 3.29 (0.94) 3.55 (0.86) 3.55 (0.89)

The pattern in Table 1 reveals three analytically significant features. First, Perceived Usefulness consistently
records the highest mean across all three programs (PSM: 4.06; DN: 3.54; ENG: 3.78), indicating that cadets
across all specializations perceive AI as professionally relevant to their maritime careers despite varying
levels of awareness and exposure. Second, Behavioral Intention consistently records the largest between-
program spread (PSM: 3.91; DN: 3.18 — a gap of 0.73 points), indicating that program-specific professional
context most powerfully differentiates adoption motivation rather than general awareness. Third, Prior
Digital Exposure shows the lowest pooled mean (3.41) and the largest DN deficit (3.12), suggesting that DN
cadets' comparatively analog navigation training environment produces the most constrained digital
technology baseline, directly limiting AI adoption readiness development.

3.2 ANOVA Results: Between-Major Differences
Table 2 presents one-way ANOVA results for each TAM construct, identifying which constructs show
statistically significant between-major differences.

Table 2. One-Way ANOVA Results: Between-Major TAM Construct Comparison (df = 2, 27)

TAM Construct F-statistic p-value Significance η² (Effect Size)

AI Awareness (AA) F = 2.34 .116 ns .148

Perceived Usefulness (PU) F = 4.18 .027 * .236

Perceived Ease of Use (PEOU) F = 1.87 .174 ns .122

Behavioral Intention (BI) F = 6.43 .005 ** .323

Prior Digital Exposure (PDE) F = 3.94 .032 * .226

*p < .05; **p < .01

Three of the five TAM constructs — Perceived Usefulness, Behavioral Intention, and Prior Digital Exposure —
show statistically significant between-major differences, while AI Awareness and Perceived Ease of Use show
non-significant between-major variation. Tukey HSD post-hoc analysis (Table 3) identifies the specific
between-group pairings driving the significant ANOVA results.

Table 3. Tukey HSD Post-Hoc Comparisons for Significant TAM Constructs

Construct Comparison Pair Mean Difference p-value

Perceived Usefulness (PU) PSM vs. DN +0.52 .031

PSM vs. ENG +0.28 .261

ENG vs. DN +0.24 .384

Behavioral Intention (BI) PSM vs. DN +0.73 .004
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Construct Comparison Pair Mean Difference p-value

PSM vs. ENG +0.39 .108

ENG vs. DN +0.34 .193

Prior Digital Exposure (PDE) PSM vs. DN +0.62 .038

PSM vs. ENG +0.36 .207

ENG vs. DN +0.26 .441

Post-hoc analysis reveals that the significant ANOVA effects for all three constructs are driven by the PSM-
versus-DN contrast specifically: PSM cadets score significantly higher than DN cadets on Perceived Usefulness
(+0.52, p = .031), Behavioral Intention (+0.73, p = .004), and Prior Digital Exposure (+0.62, p = .038), while
ENG cadets do not differ significantly from either PSM or DN on any construct. The ENG intermediate position
— consistently scoring between PSM and DN without reaching significance against either — suggests a
technology adoption readiness trajectory more advanced than the DN program's analog navigation
environment but less digitally immersed than the PSM program's logistics and documentation operational
context.

Figure 1 presents composite AI readiness scores across the three programs, visualizing the between-major
pattern and its relationship to individual TAM constructs.

Figure 1. Composite AI Readiness and TAM Construct Profiles by Academic Program
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3.3 Discussion
The finding that PSM cadets exhibit significantly higher AI adoption readiness than DN cadets — on Perceived
Usefulness, Behavioral Intention, and Prior Digital Exposure — while ENG cadets occupy a consistent
intermediate position, is the study's most actionable cross-major finding and is directly interpretable through
the professional formation context each program provides. PSM cadets are professionally formed within
logistics, port administration, and shipping documentation contexts where digital platform interaction, data-
driven decision support, and electronic document management are routine operational activities [9]; their
higher AI adoption readiness reflects the alignment between their professional formation environment and
the data-rich, technology-mediated workflow contexts in which AI tools are most visibly and immediately
useful. DN cadets' lower adoption readiness is not attributable to lower general intelligence or technological
capacity but to the specific character of their formative professional environment: bridge simulation,
watchkeeping, and navigation instruction in which the dominant technology interface — ECDIS, AIS, radar —
is digital but not AI-interactive in the sense that TAM's Perceived Usefulness and Behavioral Intention
constructs are designed to capture [10]. The DN program's comparatively low Prior Digital Exposure mean
(3.12) reflects this training environment's analog-navigation heritage rather than any individual cadet
characteristic.

The non-significant between-major difference on AI Awareness (F = 2.34, p = .116) provides an important
contextual qualification: all three cadet groups enter STIP Jakarta with roughly equivalent exposure to the
concept of AI from secondary education and social media contexts, producing comparable awareness baseline
scores despite the between-program variation in professional formation context. The divergence emerges at
the level of Perceived Usefulness and Behavioral Intention — the constructs most directly shaped by
professional context — rather than at the awareness level, confirming that the between-major AI readiness
gap is a professional formation effect rather than a prior knowledge effect. This distinction has direct
curriculum implications: AI awareness training that merely increases general knowledge about AI will not
address the between-major readiness gap, because awareness is not the limiting constraint; targeted
professional-context AI application exercises, demonstrating AI's specific usefulness within each program's
operational domain, are what the TAM evidence identifies as the most direct lever for readiness improvement.

The TAM's theoretical prediction that Perceived Usefulness is the stronger predictor of Behavioral Intention
than Perceived Ease of Use [3] is directionally supported by the data: PU shows a larger between-major effect
size (η² = .236) than PEOU (η² = .122, ns), and PU is the construct on which PSM cadets' separation from DN
cadets is most pronounced. This pattern confirms that AI adoption readiness development for maritime
cadets should prioritize convincing cadets of AI's maritime professional usefulness — through exposure to
real maritime AI applications, industry case studies, and operational demonstrations — rather than focusing
primarily on technical AI tool proficiency development, which PEOU's non-significant between-major
variation suggests is comparably distributed across the cadet population [4].

Study limitations include the small per-major sample size (n=10) limiting statistical power for detecting
smaller between-group effects, the single-institution design constraining generalizability, and the cross-
sectional measurement constraining causal interpretation of the between-major relationships. Future
research should expand sampling across multiple Indonesian maritime academies to validate the PSM-DN-
ENG readiness ordering, incorporate longitudinal measurement to track readiness development through
curriculum AI integration interventions, and investigate whether the significant PSM-DN gap on Behavioral
Intention persists or narrows following targeted AI literacy instruction in the DN program.

4. Conclusion
This study has established the first cross-major AI literacy and adoption readiness baseline within a single
Indonesian maritime academy, documenting significant between-major differences on Perceived Usefulness,
Behavioral Intention, and Prior Digital Exposure, with PSM cadets demonstrating highest readiness, DN
cadets lowest, and ENG cadets intermediate. The between-major pattern is interpretable as a professional
formation context effect rather than a prior knowledge effect — the gap emerges at the Perceived Usefulness
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and Behavioral Intention level where professional context shapes technology perception, not at the AI
Awareness level where general knowledge determines baseline familiarity. These findings provide STIP
Jakarta with an empirically differentiated curriculum development priority map: DN cadets require
professional-context AI application exposure most urgently, ENG cadets require targeted engineering AI tool
integration, and PSM cadets' higher readiness positions them as the most immediately productive recipient of
advanced AI literacy instruction. Addressing these differentiated needs through program-specific AI
integration, rather than uniform curriculum reform, is the most evidence-consistent response to the between-
major readiness gap this study has documented.
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