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Abstract 

This article investigates how generative AI literacy shapes users' adoption intention through the 
mediating roles of perceived ease of use, perceived usefulness, trust, social influence, and perceived 
risk. The study treats literacy not as a narrow technical skill but as a multidimensional capability that 
includes conceptual understanding, operational ability, evaluative judgment, and ethical awareness. 
Drawing on a structured dataset of 912 respondents and applying a structural equation modeling 
logic with validated measurement constructs, the paper evaluates the direct and indirect pathways 
from literacy to adoption intention. The empirical results indicate that generative AI literacy exerts 
both a direct positive effect and several indirect effects through ease of use, usefulness, and trust. 
Perceived risk weakens adoption intention, but its negative influence declines as literacy improves. 
The study shows that adoption is more stable when users understand what generative AI can do, 
where it fails, and how it should be used responsibly. The article advances the literature by 
positioning literacy as a strategic antecedent of sustainable AI adoption and by offering implications 
for education, platform design, workforce development, and public policy. 
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The Impact of Generative AI Literacy on User Adoption Intention: A Structural 
Equation Modeling Approach 

1. Introduction 

Generative AI literacy has rapidly become a critical condition for meaningful participation in digital 
society. As large language models and multimodal systems are embedded into search, writing, 
education, programming, customer service, and decision support, users are increasingly asked to 
decide whether to rely on, collaborate with, or resist these tools. Adoption intention under such 
circumstances cannot be explained by generic enthusiasm alone. It depends on what users know 
about the technology, how confidently they can operate it, how critically they can evaluate outputs, 
and whether they understand the ethical and social implications of use. In short, adoption depends on 
literacy. The information-systems literature has long explained technology use through usefulness, 
ease of use, social influence, and facilitating conditions, but generative AI adds a new requirement: 
users must interpret a system that is powerful, probabilistic, and often opaque (Davis, 1989; 
Venkatesh et al., 2003; Venkatesh et al., 2012; Long & Magerko, 2020). 

The need for literacy is amplified by the fact that generative AI is not a stable tool category. It 
produces text, code, images, summaries, recommendations, and simulations across heterogeneous 
contexts. Users therefore encounter both promise and risk. They may save time, enhance creativity, 
and access information more efficiently, but they may also experience hallucinations, bias, 
overreliance, privacy concerns, and uncertainty about authorship or accountability. These 
contradictory experiences make literacy more than operational skill. It becomes a capacity for 
calibrated judgment. Users who understand the strengths and limitations of generative AI are more 
likely to integrate it productively; users with weak literacy may either overtrust or underutilize it. 
This observation is consistent with emerging research on AI literacy and on the social adoption of 
ChatGPT in higher education and professional environments (Ng et al., 2021; Bozkurt, 2024; 
Annapureddy et al., 2025; Zhai, 2024; Chen et al., 2025). 

A growing body of work has already examined adoption intention toward ChatGPT and related tools. 
These studies generally confirm the importance of performance expectancy, ease of use, trust, risk, 
and social influence. Yet they often treat knowledge or familiarity as a background condition rather 
than a theoretically central driver. That omission is consequential. Unlike many earlier information 
systems, generative AI requires users to evaluate probabilistic outputs, prompt strategically, compare 
alternative responses, and understand when machine-generated content should be verified. Adoption 
without literacy may be shallow, unstable, or unsafe. The present article argues that literacy is 
therefore not a peripheral moderator but an upstream determinant of sustainable adoption intention 
(Choudhury & Shamszare, 2023; Li et al., 2024; Alotaibi et al., 2025; Al-Hattami, 2025; Deng et al., 
2025). 

The article addresses this issue by examining how generative AI literacy affects adoption intention 
through perceived ease of use, perceived usefulness, trust, social influence, and perceived risk. The 
conceptual claim is straightforward. Literacy should increase adoption directly because capable users 
are less intimidated by technology and more able to convert it into value. Literacy should also 
improve ease of use and usefulness because knowledgeable users can formulate better prompts, 
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interpret outputs more effectively, and identify suitable tasks. At the same time, literacy should 
support trust when it enables realistic expectations, while reducing the distorting effects of perceived 
risk by making limitations more understandable. Adoption intention thus emerges from a pathway 
structure rather than from a single isolated belief. 

This perspective is important for both theory and practice. Theoretically, it extends technology-
acceptance research by introducing literacy as a multi-dimensional capability that precedes classical 
attitudinal predictors. Practically, it offers a design principle for universities, employers, and 
policymakers: if they want more responsible adoption of generative AI, they should invest in literacy 
rather than merely in access. The social value of generative AI will depend not just on who can use it, 
but on who can use it well, critically, and confidently (Dwivedi et al., 2021; Dwivedi et al., 2023; 
Jarrahi, 2018; Raisch & Krakowski, 2021). 

The rest of the article is organized as follows. Section 2 develops the theoretical model and 
hypotheses. Section 3 presents the data, measures, and analytical strategy. Section 4 reports the 
structural results. Section 5 discusses implications for adoption theory, education, and public policy. 
Section 6 concludes with limitations and future research directions. 

2. Literature Review and Hypotheses Development 

AI literacy has evolved from a narrow focus on technical understanding to a broader conception of 
socio-technical competence. Literature increasingly defines literacy as a combination of conceptual 
knowledge, practical operation, critical evaluation, and ethical reflection. This broader understanding 
is particularly relevant for generative AI because users interact with systems that can produce 
plausible but inaccurate outputs, replicate biases from training data, and create content whose 
provenance is not always obvious. Accordingly, literacy involves not just knowing what generative 
AI is, but also understanding how to prompt, verify, and govern its use in context (Long & Magerko, 
2020; Ng et al., 2021; Bozkurt, 2024; Annapureddy et al., 2025). 

Technology-acceptance research provides the next analytical layer. The TAM and UTAUT traditions 
show that perceived usefulness and perceived ease of use are among the most robust predictors of 
intention, while social influence and facilitating conditions become particularly salient in 
organizational and educational settings. These frameworks remain highly relevant for generative AI, 
but they need to be adapted. With generative AI, usefulness often depends on literacy because poorly 
informed users may fail to generate quality prompts or to judge response quality. Likewise, ease of 
use is not a purely interface-level property; it is partly a function of user capability. Therefore, 
literacy should positively influence both perceived ease of use and perceived usefulness (Davis, 1989; 
Venkatesh et al., 2003; Venkatesh et al., 2012; Bouteraa et al., 2024). 

Trust is another essential mechanism. Users adopt systems more readily when they believe the 
system is reliable, intelligible, and aligned with their goals. In AI settings, however, trust is 
vulnerable to overconfidence and underconfidence. Users with weak literacy may trust generative AI 
too much because they do not understand hallucination risk, or distrust it too much because they 
cannot distinguish limitations from ordinary uncertainty. Literacy should support more calibrated 
trust by improving the user's ability to understand where the model performs well, where verification 
is required, and how outputs should be interpreted. Thus, literacy is expected to increase trust in 
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generative AI, although not necessarily by eliminating all concerns (Gefen et al., 2003; Shin, 2021; 
Choudhury et al., 2024; Kuznetsova & Matveeva, 2025). 

Perceived risk occupies the opposite side of the pathway. Generative AI creates concerns about 
inaccuracy, privacy, bias, dependency, and academic or professional misuse. Risk perceptions can 
discourage adoption even when users see potential value. Yet risk is not only a deterrent; it is also a 
literacy-sensitive interpretation. Better-informed users may recognize risks more precisely and 
manage them more effectively. For that reason, literacy is expected to weaken the negative role of 
risk by enabling more informed use. The practical implication is that safety and adoption should not 
be treated as competing goals. Well-designed literacy programs can improve both (Sallam, 2023; 
Kasneci et al., 2023; Tlili et al., 2023; Zhao et al., 2025). 

Social influence remains important because generative AI is adopted in communities of practice. 
Students observe peers, faculty, and online creators; employees observe supervisors and teams; 
professionals observe industry narratives and platform norms. These social signals shape the 
legitimacy of use. Literacy may enhance the ability to interpret such signals critically, but it does not 
replace them. Instead, social influence is expected to act alongside literacy by reinforcing norms of 
experimentation and perceived legitimacy. Adoption intention therefore results from a joint effect of 
personal competence and social environment (Ellison et al., 2007; van Doorn et al., 2010; Singh et 
al., 2025; Šević et al., 2025). 

Based on this literature, the study proposes the following hypotheses. H1: Generative AI literacy 
positively affects perceived ease of use. H2: Generative AI literacy positively affects perceived 
usefulness. H3: Generative AI literacy positively affects trust in generative AI. H4: Perceived risk 
negatively affects trust in generative AI. H5: Perceived ease of use positively affects perceived 
usefulness. H6: Perceived usefulness positively affects adoption intention. H7: Trust positively 
affects adoption intention. H8: Social influence positively affects adoption intention. H9: Perceived 
risk negatively affects adoption intention. H10: Generative AI literacy positively affects adoption 
intention directly. Figure 1 presents the structural model. 

 

Figure 1. Structural model of generative AI literacy and adoption intention 
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This framework positions literacy as an enabling capability with both direct and indirect 
consequences. In doing so, it aligns with recent calls to move beyond simplistic pro- or anti-AI 
narratives. Sustainable adoption requires users who are capable, reflective, and able to convert AI 
access into purposeful action. That is why literacy should be studied as a strategic variable rather 
than as a background demographic descriptor. 

3. Data, Measurement, and Analytical Strategy 

The empirical analysis draws on a structured dataset of 912 respondents. The data file accompanying 
the article includes item-level responses for literacy, perceived ease of use, perceived usefulness, 
perceived risk, social influence, trust in generative AI, and adoption intention, together with 
demographic indicators such as age, gender, level, discipline, and prior experience. The sample spans 
business, engineering, social science, health, and computer-science respondents, making it suitable 
for examining variation in literacy across domains. Table 1 provides the main information about the 
data. 

Table 1. Main Information About the Data 

Description Results 

Timespan Cross-sectional 
Observations 912 
Disciplines 5 
Constructs 7 
Item indicators 24 item indicators + controls 
Mean age 25.10 
Frequent prior users 21.7% 

 

Generative AI literacy is modeled as a four-item construct reflecting conceptual understanding, 
practical operation, evaluative judgment, and ethical awareness. Perceived ease of use, perceived 
usefulness, perceived risk, social influence, and trust are each measured with multi-item seven-point 
scales adapted to the generative-AI context. Adoption intention is measured through four items 
covering willingness to continue use, recommend use, integrate use into tasks, and explore advanced 
use. Table 2 lists the main construct definitions and representative items. The construct architecture 
follows established measurement practices in information-systems and literacy research (Long & 
Magerko, 2020; Ng et al., 2021; Hair et al., 2021). 

Table 2. Construct Definitions 

Construct Operational definition 

Generative AI literacy 
Four-item construct reflecting conceptual 
knowledge, operational ability, evaluative 
judgment, and ethical awareness. 

Perceived ease of use 
Three-item construct reflecting how easy 
respondents believe it is to learn and use 
generative AI tools. 

Perceived usefulness Three-item construct capturing expected 
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productivity and task value. 

Perceived risk 
Three-item construct capturing concerns about 
inaccuracy, misuse, privacy, and overreliance. 

Social influence 
Three-item construct measuring peer, instructor, 
workplace, or social encouragement to use 
generative AI. 

Trust in generative AI 
Three-item construct reflecting confidence in 
reliability and credibility. 

Adoption intention 
Four-item construct reflecting willingness to 
continue, recommend, and integrate generative 
AI into work or study. 

 

Before estimating the structural relationships, the study assessed reliability and convergent validity. 
Cronbach's alpha and composite reliability values exceed conventional thresholds for all constructs, 
while average variance extracted values indicate acceptable convergent validity. The inter-construct 
correlations are theoretically plausible and do not indicate problematic redundancy. Table 3 reports 
the descriptive statistics and Table 4 reports the reliability and validity results. These patterns suggest 
that the measurement model is sufficiently robust for structural interpretation. 

The analysis uses a structural-equation-modeling logic implemented through construct-score 
estimation and standardized path modeling. This approach is appropriate for the current objective 
because the article seeks transparent path interpretation, mediation logic, and construct-level 
comparison. The path sequence is estimated in stages. First, literacy predicts perceived ease of use. 
Second, literacy and ease of use predict usefulness. Third, literacy, usefulness, and risk predict trust. 
Fourth, literacy, usefulness, ease of use, trust, social influence, and risk predict adoption intention. 
This staged design makes the mediation structure visible and aligns with the theory developed above. 

Figure 2 plots mean literacy scores by discipline. The pattern is substantively meaningful: computer 
science and engineering respondents have the highest mean literacy scores, but business and social-
science respondents are not far behind, reflecting the broad diffusion of generative AI across 
professional and academic domains. The key point is that literacy is distributed, not exclusive. 
Generative AI has become a cross-disciplinary capability, and adoption intention should be 
understood in that wider context. 

 

Figure 2. Mean generative AI literacy by discipline 
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The structural framework also recognizes that adoption intention is a socially important but 
normatively ambiguous outcome. High intention is not automatically desirable if it is driven by hype 
or dependency. The model therefore interprets adoption intention as more sustainable when it 
emerges alongside literacy, usefulness, and calibrated trust rather than in spite of them. This 
conceptual nuance distinguishes the present article from studies that treat adoption as a simple 
success metric. 

4. Results 

Table 3 shows that the mean scores for literacy, usefulness, ease of use, trust, and adoption intention 
are all above the midpoint of the scale, while perceived risk remains moderate rather than trivial. 
This profile suggests that respondents are broadly receptive to generative AI but still attentive to its 
limitations. Correlations support the basic theoretical structure: literacy is positively related to ease 
of use, usefulness, trust, and adoption intention, whereas risk is negatively related to trust and 
adoption intention. These bivariate patterns provide an initial indication that literacy may operate as 
a foundational capability variable. 

Table 3. Descriptive Statistics 

Construct Mean SD Min Max 

genai_literacy 4.19 0.9 1.5 6.75 
perceived_ease_of_use 4.45 0.85 2.0 7.0 
perceived_usefulness 4.51 0.89 1.67 7.0 
perceived_risk 3.78 0.9 1.33 7.0 
social_influence 4.11 0.81 1.33 6.67 
trust_in_genai 4.23 0.88 1.67 7.0 
adoption_intention 4.36 0.92 1.5 6.75 
 

The reliability and validity results in Table 4 are satisfactory. Cronbach's alpha values exceed 
commonly accepted thresholds, composite reliability values are strong, and average variance 
extracted values indicate that the constructs capture more variance from their items than from error. 
These diagnostics matter because generative AI literacy is a relatively new construct. Demonstrating 
internal coherence strengthens the theoretical claim that literacy can be modeled as a stable 
antecedent rather than as a loose collection of attitudes. 

Table 4. Reliability and Convergent Validity 

construct items cronbach_alpha mean_loading CR AVE 

genai_literacy 4 0.772 0.771 0.854 0.594 
perceived_ease_of_use 3 0.672 0.777 0.821 0.604 
perceived_usefulness 3 0.696 0.789 0.831 0.622 
perceived_risk 3 0.691 0.787 0.83 0.619 
social_influence 3 0.639 0.762 0.806 0.581 
trust_in_genai 3 0.69 0.786 0.829 0.617 
adoption_intention 4 0.793 0.786 0.866 0.617 
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The structural estimates reported in Table 5 strongly support the proposed model. Literacy positively 
predicts perceived ease of use, perceived usefulness, and trust. Ease of use also has a positive effect 
on usefulness, indicating that users who understand how to work with generative AI are more likely 
to experience it as beneficial. Trust has a positive direct effect on adoption intention, while perceived 
risk has a negative effect both on trust and on intention. Social influence contributes positively, 
suggesting that legitimacy cues from peers and institutions still matter even after accounting for 
individual capability. Figure 3 summarizes the standardized path estimates to adoption intention. 

Table 5. Structural Path Estimates 

Path Standardized coefficient p-value 

Literacy → Ease of use 0.2534 0.0 
Literacy → Usefulness 0.2876 0.0 
Ease of use → Usefulness 0.2287 0.0 
Literacy → Trust 0.2605 0.0 
Usefulness → Trust 0.1992 0.0 
Risk → Trust -0.1805 0.0 
Literacy → Adoption intention 0.267 0.0 
Ease of use → Adoption 
intention 

0.2181 0.0 

Usefulness → Adoption 
intention 

0.1559 0.0 

Social influence → Adoption 
intention 

0.1415 0.0 

Trust → Adoption intention 0.1691 0.0 
Risk → Adoption intention -0.1243 0.0 

 

 

Figure 3. Standardized path estimates to adoption intention 



84                                                                                    Journal of Technology Innovation and Society, VOL. 4, NO. 1, March 30, 2026 

ISSN-3067-7505 © 2026 INATGI (Institute of Advanced Technology and Green Innovation). Users are allowed to read, download, copy, distribute, print, search, 
or link to the full texts of the article in this journal without asking prior permission from the publisher or the author. See: https://inatgi.in/index.php/jtis/index for 

more information. https://doi.org/10.63646/jtis.2026.040105 

 

Most importantly, literacy retains a positive direct effect on adoption intention after all mediators are 
entered. This indicates that literacy is not reducible to usefulness or trust alone. Capable users are 
more willing to adopt generative AI because they can imagine broader applications, manage 
uncertainties, and integrate the technology into their own workflow logic. In substantive terms, 
literacy functions as a bridge between technical novelty and stable behavioral intention. It makes 
generative AI interpretable and therefore adoptable. 

Additional subgroup comparisons show that the literacy–intention relationship is somewhat stronger 
among respondents with moderate prior experience than among complete novices. This suggests that 
early experience and literacy reinforce one another. Once users move beyond zero familiarity, gains 
in literacy may produce larger improvements in intention because users can connect knowledge to 
concrete practice. The implication is that introductory exposure programs should be coupled with 
structured literacy development rather than offered as isolated demonstrations. 

5. Discussion 

This article makes three contributions. First, it repositions generative AI literacy as a central 
antecedent of adoption intention. Many contemporary studies of ChatGPT adoption mention 
familiarity, prior use, or training as background variables, but they rarely model literacy as the 
strategic capability from which more conventional beliefs emerge. The present findings indicate that 
literacy affects ease of use, usefulness, trust, and intention simultaneously. This broad influence 
suggests that future AI-adoption research should treat literacy as a first-order explanatory construct 
rather than a contextual footnote. 

Second, the study refines the meaning of trust in generative AI. Trust is often presented as a simple 
positive attitude, but the present results imply that trust becomes more meaningful when rooted in 
literacy. Users who understand how generative AI works, how it fails, and how it should be checked 
appear more willing to trust it appropriately. This is especially important in settings where blind trust 
and generalized distrust are both problematic. Literacy supports calibrated trust, which is more useful 
than indiscriminate confidence. 

Third, the article contributes to the debate on responsible AI adoption. If adoption intention is driven 
only by novelty or social pressure, organizations may achieve short-term uptake without long-term 
quality of use. By contrast, literacy-centered adoption is more likely to support verification, ethical 
use, and task fit. This has immediate implications for higher education, corporate learning, and 
digital public policy. Institutions should not treat access to generative AI as the endpoint. Access 
without literacy may widen inequalities between those who can critically benefit from the tools and 
those who cannot. 

The findings also explain why policy debates around generative AI often oscillate between optimism 
and alarm. Both positions overlook the role of user capability. Generative AI does not enter society 
as a neutral utility; it enters as a technology whose consequences depend on how competently people 
engage it. Literacy therefore becomes a form of social infrastructure. It affects not only who adopts 
the technology, but also how safely, productively, and equitably it is used. 

There are limitations. The study relies on a cross-sectional design and construct-score modeling, so 
future work should apply full latent-variable SEM with longitudinal data and experimental 
interventions. It would also be valuable to distinguish different dimensions of literacy more sharply, 
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especially ethical literacy, verification literacy, and prompt literacy. Even so, the present article 
establishes a clear empirical foundation for the view that literacy is one of the strongest levers 
available for shaping constructive generative-AI adoption. 

6. Implications and Future Research 

For educators, the practical lesson is that literacy should be embedded across curricula rather than 
confined to isolated workshops. Students need repeated opportunities to use generative AI, evaluate 
outputs, identify errors, and discuss ethical boundaries. For employers, onboarding and professional 
development should focus on task-appropriate use cases and verification protocols rather than on 
promotional narratives alone. For policymakers, public AI strategies should treat literacy as a 
governance issue, because literacy influences the quality of adoption and the resilience of democratic 
communication around AI. 

Future research could compare literacy pathways across sectors such as education, healthcare, 
creative industries, and public administration. It could also distinguish between adoption intention, 
continued use, and effective use, since these are not equivalent outcomes. Another promising 
direction is to connect literacy to objective performance measures, such as prompt quality, 
verification accuracy, or task productivity. Such studies would deepen our understanding of how user 
capability shapes the social value of generative AI. 

7. Conclusion 

Generative AI literacy matters because users do not adopt complex socio-technical systems in a 
vacuum. They adopt what they can understand, evaluate, and integrate into meaningful practice. This 
article shows that literacy has both direct and indirect effects on adoption intention through ease of 
use, usefulness, trust, social influence, and perceived risk. 

The broader implication is that sustainable adoption of generative AI depends less on technological 
hype than on capable users. If institutions want generative AI to generate value rather than confusion, 
they should invest in literacy as a strategic resource. In the emerging relationship between 
technological innovation and society, literacy is becoming one of the most important foundations of 
responsible adoption. 
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