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Abstract 

Educational AI tools personalise learning by drawing on sensitive student data, yet the privacy 

calculus assumes that people can freely weigh benefits against risks and decline when risks 

dominate. This assumption is doubtful for adolescents, who have limited ability to scrutinise 

institutional data practices and little scope to opt out when AI is embedded in schooling. This study 

examines how perceived personalisation benefits, perceived data sensitivity and privacy concerns 

relate to high school students’ intention to use AI, and tests whether ethical trust, defined as 

confidence that an AI system will handle personal data responsibly, transparently and in the user’s 

interest, links privacy concerns to intention. Survey data from 323 students across IB, A Level, 

CBSE, American and other curriculums were analysed using partial least squares structural 

equation modelling. Perceived benefits strongly predicted ethical trust (β = .605, p < .001) and 

intention to use AI directly (β = .454, p < .001). Perceived data sensitivity raised privacy concerns 

(β = .563, p < .001), and privacy concerns modestly reduced ethical trust (β of negative .185, p = 

.002). Ethical trust in turn predicted intention to use AI (β = .453, p < .001), whereas the direct 

effect of privacy concerns on intention was negligible (β = .023, p = .507). The model explained 

65.9% of the variance in intention. The pattern indicates that privacy concern shapes adoption 

through eroded trust rather than through avoidance, and that usefulness can build trust without 

proof of trustworthy data practices. Limitations include the cross sectional design, self reported 

intentions and weaker measurement of data sensitivity. Schools and providers should therefore 

demonstrate responsible data governance rather than simply reassure students.  

Keywords: Privacy Calculus, Ethical Trust, Personalisation Privacy Paradox, Educational AI, 

Adolescent Privacy, Student Data, Technology Adoption, Structural Equation Modelling 

JEL Classification: I21, D83, L86 

 

https://iessociety.org/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.56879/ijbm.v5i4.164
mailto:mchampettil@em-normandie.fr
mailto:jiya.vivekv@gmail.com
mailto:svivek@em-normandie.fr


INTERNATIONAL JOURNAL OF BUSINESS AND MANAGEMENT (IJBM)   

ISSN: 2815-9330 (Online) 

 

VOL. 5, NO. 4 2026                                                                  https://iessociety.org/ 

 
Copyright: © 2026 by the authors. Licensee IJBM IESS, New Zealand. This article is an open access article distributed 
under the terms and conditions of the Creative Commons Attribution (CC BY) license.  
 
DOI: https://doi.org/10.56879/ijbm.v5i4.164  

239 

1. Introduction 

A student starts an AI tutor prior to an exam. Tutor asks students what they find difficult. It queries 

her about her previous test mark. It promises to keep in mind her weak points so that it can assist 

her out next time. She hesitates. Then she types the answer regardless. This paper addresses the 

question of that hesitation. It's tiny, it lasts a fraction of a second and it repeats millions of times 

per day. It is also the place where the ethics of AI-assisted education are being determined, not 

through policy documents, but when a young person decides to give up information about 

themselves to receive assistance (Kelso et al., 2024). Education Personalisation is based on 

personal data. As more information about the learner emerges, adaptive learning systems and 

intelligent tutors and generative AI assistants get better (Holmes & Tuomi, 2022; Zawacki-Richter 

et al., 2019; Akgun & Greenhow, 2022; Markauskaite et al., 2022). That data that makes them 

useful is the same data that is most sensitive: academic performance, learning difficulties, patterns 

of struggle, sometimes emotional state. This engine is the main force of the central tension of the 

field. The more you can disclose, the better the help will be. The more someone is disclosed, the 

greater the risk of misuse (Lee et al., 2024). This has traditionally been portrayed as the 

Personalisation–privacy paradox (Awad and Krishnan, 2006; Sutanto et al., 2013). The prevailing 

one is the privacy calculus, which suggests that people evaluate expected benefits and costs and 

disclose when benefits are greater than cost (Culnan and Armstrong, 1999; Dinev & Hart, 2006; 

Smith et al., 2011). There are three things that make the adolescent educational case unique. The 

disclosure is not fully voluntary, first. Where the AI tool is integrated into the school's learning 

platform, opting out has academic consequences (Regan and Jesse, 2019). Secondly, the data is 

institutionally stored and persistent. Academic record follows student, shopping history does not 

(Prinsloo and Slade, 2017). Third, adolescents are amid maturing their very skills, those used in 

the calculus model the ability to assess risk and engage in deliberative reasoning about 

consequences (Steinberg, 2008; Livingstone et al., 2019). 

However, most of the literature on the privacy calculus is derived from adults, in business contexts 

and where there is real alternative (Kokolakis, 2017). AI systems that progressively instruct, 

evaluate, monitor, and profile pupils have received very little attention in the literature on 

children's privacy, in contrast, which has mostly concentrated on social media use and parental 

mediation (Stoilova et al., 2020). Considering how quickly AI technologies are being incorporated 

into educational contexts, this constitutes a substantial gap in the body of existing work. It is 

therefore becoming more crucial to comprehend how young people see these systems' acquisition 

and usage of their personal data. This study fills this gap. It poses a specific question: What factors 

influence high school students' decision to adopt AI Personalisation, given their sensitivity to their 

educational data? 

Our answer is that it is not privacy concern that is the deciding variable. It is ethical trust, meaning 

that the student will feel the AI system is going to treat his/her information responsibly, 
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transparently and in his/her interest. The research proposes and tests a model where perceived 

Personalisation benefits and perceived data sensitivity act as two mediators between the 

development of privacy concerns and ethical trust and intention to use AI. The model was 

developed and estimated based on 323 secondary school students' responses using the PLS-SEM 

approach.The findings show a distinct pattern. Students in the sample had comparatively 

significant privacy concerns, especially with regard to the storage and use of personal data. 

Nevertheless, students' inclination to adopt AI was not significantly impacted by these worries (β 

=.023, p =.507). Rather, ethical trust in AI was considerably diminished by privacy concerns (β = 

−.185, p <.01). The intention to use AI was found to be strongly positively correlated with ethical 

trust (β =.453, p <.001). These results imply that students' direct use of AI is not always deterred 

by privacy concerns. Instead, it seems that their impact works via undermining ethical trust. To 

put it another way, students may still utilize AI in spite of worries about their personal information, 

but those worries may cause them to lose faith in the technology. 

These results have significant applications for educational institutions and AI providers. 

Reassuring students or giving them more privacy information is a frequent way to address their 

privacy concerns. The results of this study, however, indicate that lowering privacy concerns might 

not be enough to affect students' intentions to utilize AI. Rather, ethical trust seems to be the more 

significant mechanism. This implies that schools and AI suppliers should concentrate on fostering 

trust thru open data practices, unambiguous accountability procedures, and verifiable proof that 

AI systems are created and applied in ways that safeguard and assist kids. These regulations require 

that institutions demonstrate proper data practices – not just provide a privacy notice – in ways 

that students can understand and evaluate. The paper makes three contributions. Theoretically, it 

adds ethical trust as the mechanism that balances benefit and risk, and it demonstrates that in the 

adolescent educational context the risk path is completely indirect. Empirically, it is one of the 

first to test the Personalisation-privacy trade-off using high school students as respondents, not 

adults. In essence, it shifts the design dialogue from concern-suppression to the building of trust 

(Bozkurt et al., 2024). 

2. Theoretical Background and Hypothesis Development 

2.1 The Privacy Calculus and its Boundaries 

The privacy calculus states that disclosure is a rational exchange. People make cost-benefit 

analysis of giving information against the expected cost, and they provide information if the benefit 

is greater than cost (Culnan and Armstrong, 1999; Laufer and Wolfe, 1977). This reasoning was 

Formalised by Dinev and Hart (2006) in the context of e-commerce and it was concluded that trust 

and personal interest can override risk perceptions. In an overview of privacy research spanning 

the last 30 years, Smith et al. (2011) located the calculus as the prevailing explanatory model. 

Meta-analytic studies demonstrate that both perceived benefits and perceived risks are significant 

predictors of individuals’ willingness to disclose personal information across a range of contexts 
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(Yun et al., 2019; Bandara et al., 2020). However, there are limitations to this reasoning and that 

has been an area of research of late. 

The first is the privacy paradox itself the fact that, despite expressed concerns, Behavioural 

outcomes are hard to predict (Norberg et al., 2007; Kokolakis, 2017; Trepte et al., 2020). Acquisti 

et al. (2015) explained this by bounded rationality, meaning that individuals are incapable of 

calculating the long-term consequences of data disclosure and thus resort to heuristics, context 

cues and affect. Deliberative decision-making, however, does not always occur in practice. Dinev 

et al. (2015), in their “outside the APCO box” perspective, similarly challenge the assumption that 

privacy-related behaviour results from a straightforward and rational evaluation of risks and 

benefits. Writing from within the information systems (IS) tradition, they argue for a broader 

understanding of privacy decision-making that recognises the influence of contextual, 

psychological, and behavioural factors beyond deliberate privacy calculations. 

The second edge is contextual. Nissenbaum (2010) theorizes privacy expectations as norm-

governed and domain specific, which is termed contextual integrity. What is good data flow in one 

context is bad data flow in another. Empirically, Martin and Nissenbaum (2016) demonstrate that 

individuals' privacy judgments better reflect the context norms than the general concern trait. 

The third, and most pertinent to the current study, is the presumption that individuals are the fully 

informed and autonomous decision makers who are able to assess the potential benefits against the 

potential privacy risks. This assumption is complicated in adolescence, when decision making can 

be influenced by emerging cognitive abilities, social factors, a lack of experience with the 

implications of privacy, and design of the digital environments where decisions are made. 

2.2 Why Adolescents are a Different Case 

Adolescents are not little adults who generate less data. Developmental studies indicate that the 

ability to consider delayed and possible costs develops later than the ability to take in immediate 

rewards (Steinberg, 2008; Casey et al., 2008). The advantage of an AI tutor is instant and 

colourfully apparent. The price of a data breach is far in the future and far away. If the two are 

assumed to be evaluated symmetrically as in a calculus model, that is the developmental fact that 

is being assumed away. 

Livingstone et al. (2019), in their analysis of children’s data literacy, found that although young 

people demonstrate a general awareness of privacy risks, they often struggle to translate this 

awareness into an understanding of the data practices embedded within the digital platforms they 

use in everyday life. Stoilova et al. (2020) further distinguish between interpersonal, institutional, 

and commercial dimensions of privacy, suggesting that children’s understanding tends to be 

stronger in relation to interpersonal privacy and weaker in relation to institutional and commercial 

data practices. This distinction is especially pertinent in the context of educational AI, where the 

data is often gathered and processed within the confines of educational institutions and potentially 
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involving commercial technology vendors. Educational AI is therefore exactly in the zone of 

privacy which young people may be least aware of, and in this zone it is questionable whether 

adolescents can meaningfully assess the privacy risks of educational AI. 

Another restriction relates to the assumption of meaningful consent. The privacy calculus makes 

the implicit assumption that people have a true choice: if the perceived risk of disclosure is greater 

than the perceived benefit, they can choose not to participate. In some commercial situations, this 

assumption might be true, but, in educational settings, opting out can have academic or practical 

implications. As digital technologies become increasingly integrated into education, Regan and 

Jesse (2019) point out some of the ethical issues that arise. In these situations, it may also be 

necessary to forgo access to course learning activities or experiences in order to refuse the use of 

an AI-based tool. This is an issue especially relevant to learning analytics. Prinsloo and Slade 

(2017) ask the question, can consent be truly informed and voluntary when there is significant 

power imbalance between the institution collecting the data and the institution analysing the data 

and the student whose data are being collected? This does not mean that the privacy calculus stops 

working under these circumstances; on the contrary, the explanatory power of the privacy calculus 

is more limited. There are times when a student feels that the privacy sacrifice is worthwhile 

because the apparent value of the alternative is too great. Consequently, the relationship between 

perceived privacy risk and technology adoption among students may differ from that predicted by 

the classical privacy calculus model. This provides an important rationale for placing ethical trust 

at the centre of the present study. Rather than assuming that adoption reflects a straightforward 

balancing of benefits and risks, the study examines whether students’ willingness to use 

educational AI depends on their confidence that these systems, and the institutions deploying them, 

will collect and use personal data in ways that are transparent, responsible, and aligned with 

students’ interests. 

2.3 Ethical Trust as the Reconciling Mechanism 

Trust generally is assumed to be a belief in competence and benevolence (Mayer et al., 1995; 

McKnight et al., 2002; Lee & See, 2004; Kumar et al., 2019). That framing has been expanded in 

the AI space to include beliefs about process integrity; transparency, accountability and non-

exploitative use of personal data(Glikson and Woolley, 2020; Thiebes et al., 2021; Jobin et al., 

2019; Mehrotra et al., 2024). The paper refers to this as ethical trust: a student's confidence that 

the AI system they are using will act responsibly, transparently, with respect to privacy and in 

user’s best interest. It's not as broad as general trust, and not quite as abstract as "trust in 

technology". It is not about whether the system works, but the belief about how the system will 

treat user and his/her data. 

The research proposes that the personalization–privacy trade-off is realized through ethical trust. 

Students can directly experience the benefits of personalization, but they are rarely able to verify 

the data practices that generate its privacy costs. They cannot normally observe data retention, 
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storage arrangements, third-party sharing or subsequent uses of their information. Under these 

conditions, students must instead form a judgement about whether the AI system is likely to treat 

them and their data fairly, transparently and responsibly. Ethical trust therefore acts as the 

mechanism through which an otherwise uncertain privacy calculus is resolved. Rather than simply 

supplementing the privacy calculus, trust may represent the form that the calculus takes when 

important risks and consequences cannot be directly verified. Based on this account, a specific 

prediction is made regarding how privacy concern relates to ethical trust and the adoption of AI. 

Rather than adoption being curtailed directly by privacy concern, it is assumed that privacy 

concern will impact the adoption indirectly. Rather, higher privacy concern should decrease 

students' ethical trust in the AI system and decreased ethical trust should, in turn, lower students' 

intention to use the system. Thus, privacy concern is an upstream/distant antecedent and ethical 

trust is a proximal mechanism that makes privacy concerns behaviourally relevant. The study now 

moves on to formalise these relationships as hypotheses. 

2.4 Hypotheses 

2.4.1 Perceived Personalisation benefits and ethical trust 

Perceived Personalization Benefits (PPB) is the benefit that students perceive from giving an AI 

system personal information that allows the system to provide more suited and personally relevant 

learning support. These benefits are expected not only to correlate with ethical trust, but also to 

have a positive impact on it. When personalisation is actually seen to be enhancing the student's 

learning experience, it offers concrete examples of the use of information gathered by the system. 

When a system indicates that a misconception has been detected, an explanation has been adapted 

or a targeted piece of support has been provided and that this has helped the individual learner, 

this is evidence that personal data has been used in a beneficial way. Thus, perceived 

personalisation could act as a cue to the orientation of the system towards the student. This is in 

line with the results of personalised advertising, which found that personalisation was more likely 

to be trusted when it was seen as helpful rather than intrusive (Aguirre et al., 2015). The mechanism 

might be more important in an education context, where the gain is not promotional, but 

pedagogical; this is not about an advert, this could be to address a misconception or to enhance 

learning support. The evidence of the adoption of AI in higher education is also related, whereby 

usefulness leads to trust which leads to adoption (Chatterjee & Bhattacharjee, 2020). 

H1. Perceived Personalisation benefits positively influence ethical trust in AI. 

2.4.2 Perceived data sensitivity and privacy concerns 

Perceived data sensitivity (PDS) refers to the perception that the data that the AI systems gather 

are personal, such as grades, difficulties, family context, mental health, etc. and that they should 

be protected. 
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The classic antecedent of concern is sensitivity. Malhotra et al. (2004) in creating the instrument 

IUIPC, assume sensitivity of the information class as one of the key determinants of concern over 

collection. The effect is demonstrated by Bansal et al. (2016): the same disclosure request leads to 

significantly different concern levels in case of financial or health information or trivial. The 

information in education isn't simple. Learning difficulties and mental health information is on the 

sensitive end of any reasonable taxonomy. 

H2. Perceived data sensitivity positively influences privacy concerns. 

2.4.3 Privacy concerns and ethical trust 

Privacy concerns (PC) demonstrate that students are concerned about the way AI systems collect, 

store, share and utilize student information. 

As opposed forces acting in parallel on behaviour, concern and trust are typically treated 

separately, they are modelled serially that is concern is an antecedent of trust. The justification is 

the verification problem set out above. Concern is about a suspicion about process it might over-

collect, it might share without permission, it might repurpose. Trust is belief about process it will 

not. These are not independent input to a decision, the first is the negation of the second. If a 

student thinks data might be shared inappropriately, he or she is by construction a student who 

does not fully trust the system will be responsible with data. 

Existing empirical research also indicates the proposed ordering. The paths from privacy concern 

to trust are significant (Bansal et al. 2016; Wu et al. 2012), thus suggesting that privacy concern is 

not just parallel to predicted behavior but also an antecedent of trust. Beldad et al. (2011) also 

propose that privacy concern can be viewed in its ability to undermine trust as a behavioural 

consequence. Taken together, these findings support the proposed sequence in which privacy 

concern operates upstream, weakening ethical trust, while ethical trust acts as the more proximal 

determinant of behavioral intention. 

H3. Privacy concerns negatively influence ethical trust in AI. 

2.4.4 Ethical trust and intention to use 

Trust is a strong predictor of technology adoption in the IS literature (Gefen et al., 2003; Pavlou, 

2003; McKnight et al., 2002). It plays a more focused role when uncertainty exists. Trust replaces 

verification when users are unable to verify systems behaviour, and adoption follows trust. 

The Educational AI case is a case with high uncertainty. The student will not have the ability to 

view the model, the data pipeline or the vendors' agreements. Nazaretsky et al. (2022) identify 

trust as the key element influencing teachers' readiness to use AI-supported educational 

technology. Similarly, Choung et al. (2023) find that trust plays a pivotal role in the connection 

between perception and usage of AI voice assistants. Ethical trust is expected to be a proximal 

determinant of the intention to use AI by the students. 
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H4. Ethical trust in AI positively influences intention to use AI. 

2.4.5 Perceived Personalisation benefits and intention to use 

Perceived personalisation benefits are expected to influence intention to use AI through both direct 

and indirect pathways. First, benefit perceptions should exert a direct positive effect on intention 

to use. This relationship is central to technology acceptance models, beginning with the 

Technology Acceptance Model (TAM), in which perceived usefulness is a key determinant of 

behavioural intention (Davis, 1989), and continuing in later acceptance frameworks such as 

UTAUT (Venkatesh et al., 2003). Applied to AI-mediated education, students who perceive that 

personalisation provides more relevant feedback, better explanations, or learning support tailored 

to their individual needs should therefore be more willing to use the system, independently of their 

level of ethical trust. 

Meanwhile, the impression of personalisation benefits can have an indirect impact via ethical trust. 

If learners feel that the information they are giving about themselves is being applied in a way that 

enriches learning, this can enhance their sense of the system's working on their behalf, lead to 

greater ethical trust and in turn greater intention to use. This model thus distinguishes between 

instrumental and signalling values of personalisation, with the latter contributing to ethical trust in 

a way that serves to facilitate the adoption of the beneficial personalisation. 

This is also in line with the idea of the privacy-calculus approach. The calculus encompasses 

perceived personalisation benefits, which should also be incorporated into the adoption decision 

in their own right and not only as a function of trust. Ethical trust does not replace the role of 

perceived benefits; instead, it provides an additional mechanism through which those benefits can 

influence adoption under conditions of uncertainty. Accordingly, perceived personalisation 

benefits are expected both to directly increase intention to use AI and to indirectly increase 

intention through greater ethical trust. 

H5. Perceived Personalisation benefits positively influence intention to use AI. 

2.4.6 Privacy concerns and intention to use 

A direct negative relationship between privacy concern and behavioural intention is a central 

prediction of the classical privacy calculus, in which greater perceived privacy risk or concern is 

expected to reduce willingness to disclose information or engage with a technology (Dinev & Hart, 

2006). Accordingly, the present model retains a direct path from privacy concern to intention to 

use AI. However, there are three reasons to expect this relationship to be weak or potentially non-

significant in the context of AI-mediated education. 

First, research on the privacy paradox has repeatedly demonstrated that expressed privacy concerns 

do not consistently translate into corresponding behaviour. Individuals may report substantial 

concern about their privacy while continuing to disclose personal information and use data-
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intensive technologies (Norberg et al., 2007; Kokolakis, 2017; Barth & de Jong, 2017). Privacy 

concern, therefore, does not necessarily produce behavioural avoidance. 

Second, this concern–behaviour gap may be particularly pronounced in educational settings 

because students may have limited opportunities to avoid AI-mediated technologies. Even where 

use is not formally mandatory, students may depend on AI tools for explanations, feedback, 

homework assistance or other forms of learning support. The practical cost of non-use may 

therefore be sufficiently high that privacy concern cannot readily be translated into non-adoption. 

In this context, continued use should not necessarily be interpreted as evidence that privacy 

concerns are absent; rather, students may continue using a system despite those concerns. 

Third, and most importantly, the theoretical model developed in this study proposes that the 

principal behavioural effect of privacy concern operates through ethical trust. Privacy concern is 

conceptualised as an upstream antecedent that weakens students' beliefs that the AI system will 

handle their data fairly, transparently and responsibly. Ethical trust, in turn, functions as the more 

proximal determinant of intention to use. If ethical trust substantially or fully mediates this 

relationship, little or no residual direct effect of privacy concern on intention should remain once 

ethical trust is included in the model. 

Importantly, a failure to support H6 would not necessarily constitute a failure of the proposed 

theoretical model. Rather, when considered alongside a significant negative relationship between 

privacy concern and ethical trust and a significant positive relationship between ethical trust and 

intention to use, a non-significant direct effect would provide evidence consistent with the 

proposed trust-mediated account. It would suggest that privacy concern influences adoption 

primarily by altering ethical trust rather than by directly producing behavioural avoidance. 

H6. Privacy concerns negatively influence intention to use AI. 

Figure 1 presents the full model. 
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Figure 1. Conceptual model and structural results 

 

 

3. Methodology 

3.1 Research Design and Sample 

A cross-sectional survey design was used for the study. The intended audience were high school 

students who had a certain level of interaction with AI tools in an education setting. Data was 

gathered from an online questionnaire (google form). No personally identifying information was 

recorded and participation was voluntary and anonymous. Participants were informed about the 

purpose of the study. Participants had the right to withdraw at any time and they were informed 

that their responses would not be viewed by teachers. The final sample consisted of 323 usable 

responses. The demographic profile of the 323 responses is reported in table 1. 

Table 1. Sample Profile (n = 323) 

Characteristic Category n % 

Age 12 206 63.8 

 17 45 13.9 

 16 34 10.5 
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 15 18 5.6 

 14 12 3.7 

 19 3 0.9 

 13 3 0.9 

 18 2 0.6 

Gender Female 184 57.0 

 Male 139 43.0 

Curriculum Other 200 61.9 

 IB 67 20.7 

 A-Level 42 13.0 

 CBSE 9 2.8 

 American 5 1.5 

AI use frequency Sometimes 128 39.6 

 Often 71 22.0 

 Rarely 65 20.1 

 Very Often 43 13.3 

 Never 16 5.0 

Primary AI tool ChatGPT 175 54.2 

 Gemini 62 19.2 

 Other 40 12.4 

 Claude 35 10.8 

 Copilot 11 3.4 
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The sample has a gender balance with 43% of respondents being male and 57% of the respondents 

being female.  All the different school curriculums were well represented in the sample. 20.7% of 

the respondents were from IB (20.7 percent) followed by 13% from A-Level (13.0 percent). Nearly 

all respondents use AI in some way with the maximum stating that they use AI sometimes. Only 

a small proportion (3.6 percent) say they never use AI for learning. ChatGPT is the biggest tool 

(54.2 percent) used by respondents followed by Gemini at 19.2 percent. There is one aspect of the 

age variable that needs to be explained. A large portion of the respondents (n = 206) checked the 

youngest age in the instrument, "12". The rest of the respondents fall in the usual 14-19 range. We 

view this as a characteristic of the response scale (probably a default choice or a misread response) 

and not as a real sample of 12-year-olds making up 2/3 of a high school sample. This is not an 

issue since age is not a construct in the structural model but is only used for descriptive purposes 

in the profiling of the sample. We mark it as a data-quality limitation and revisit it in Section 6. 

3.2 Measures 

All constructs were measured reflectively on multi-item scales, adapted from existing constructs 

and reworded for an adolescent education setting. A five-point Likert scale ranging from 1 

(strongly disagree) to 5 (strongly agree) was used for all items. 

Perceived Personalisation benefits (PPB) were adapted from Awad and Krishnan (2006) and 

Chellappa and Sin (2005) and consisted of 6 items that measured the belief that data sharing 

enhances the quality of AI educational support. 

Perceived data sensitivity (PDS) was created based on Malhotra et al. (2004) and Bansal et al. 

(2016) and consisted of six items namely perceived sensitivity of grades, perceived sensitivity of 

learning difficulties, perceived sensitivity of family background, perceived sensitivity of mental 

health information and perceived sensitivity of personal goals. 

Privacy concerns (PC): Seven items were used to measure privacy concerns (PC), drawing on 

the Internet Users’ Information Privacy Concerns (IUIPC) scale developed by Malhotra et al. 

(2004) and the privacy-related dimensions identified by Smith et al. (1996). The items assessed 

students’ concerns regarding data storage, unauthorized sharing of personal information, excessive 

data collection, inadequate protection of personal data, and potential misuse of their information. 

Ethical trust in AI (ET) Seven items were used to measure ethical trust in AI (ET) based on the 

process-integrity principles highlighted in AI ethics frameworks (Jobin et al., 2019; Thiebes et al., 

2021) and on McKnight et al. (2002). Students’ perceptions of responsible data handling, ethical 

use of personal data, protection of privacy, whether AI systems act in their best interests, and 

confidence in AI when data practices are clear and transparent were assessed. 

Intention to use AI (IU) was measured using six items adapted from Venkatesh et al. (2003); 

Pavlou (2003) which included continued use, willingness to use despite needing data, 

recommendation, and perceived future use. 
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Final loadings, list of items retained and dropped are given in the Appendix along with the 

complete wording for the items. 

3.3 Instrument Refinement 

There were two issues with the original instrument that were not included in the results, but were 

issues for design and had to be addressed before they could be estimated. 

The first was that an intention was repeated within the intention block: the intention "AI will play 

an important role in my future learning" was repeated once. Before analysis, the duplicate item 

was removed resulting in 32 items. 

Secondly, the original ethical trust block is a mix of two logically different sorts of statement. Four 

items measured belief (e.g., 'I trust AI systems to use student information responsibly'). The two 

were measured as widely held normative expectations: AI companies should be transparent about 

how they use student data" and "AI providers should be accountable for how they collect and use 

student information". This is not the same construct. Students might feel strongly about the need 

for AI companies to be transparent and accountable, but feel not very confident about their 

practices. The “should” items thus reflect expectations of ethical standards and not a judgement of 

ethical trust. Consistent with this conceptual distinction, the two normative items also performed 

as expected during measurement-model assessment (see Section 4.1) and were removed. Their 

removal was primarily a conceptual correction rather than a purely statistical decision; the items 

would have been excluded on theoretical grounds even if their psychometric performance had been 

satisfactory. 

3.4 Analytical Approach 

Partial least squares structural equation Modelling (PLS-SEM) was employed for analysis using 

the standard iterative outer-approximation algorithm with a Mode A (reflective) measurement 

scheme and a path-weighting inner scheme (Lohmöller, 1989; Wold, 1982). According to Hair et 

al. (2019), the decision of using PLS over covariance-based SEM was based on three reasons. 

First, the model is prediction-oriented, as the primary objective is to identify the factors that 

explain and predict students’ intention to adopt AI. PLS-SEM is appropriate for this purpose 

because it focuses on maximising the explained variance in endogenous constructs, particularly 

the key outcome variable, intention to use AI.Second, the data are ordinal Likert responses that 

exhibit significant non-normality (several items have a skewness of greater than −1.0, Table 3), 

and PLS makes no distributional assumption. Third, the model includes a mediation chain, in 

which the effect of one construct on another operates through an intervening variable. PLS-SEM 

is well suited to estimating such direct and indirect effects simultaneously and is less dependent 

on the strict distributional and identification assumptions associated with covariance-based 

maximum-likelihood (ML) estimation. The final sample size (n = 323) comfortably exceeded the 

minimum requirements for PLS-SEM. Applying the inverse square root method proposed by Kock 
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and Hadaya (2018), the minimum path coefficient of interest required a sample of approximately 

155 observations. The available sample was therefore more than sufficient to achieve the statistical 

power required for estimating the proposed structural model. 

Path coefficients were estimated and tested using bootstrapping. The analysis used 5000 bootstrap 

re-samples as in Streukens and Leroi-Werelds (2016) without sign changes. Results are given in 

terms of t-values, p-values and percentile bootstrap confidence interval which offer a more full 

evaluation of the precision and significance of the estimates. For the indirect effects, mediation 

was assessed using the bootstrap distribution of the product of the relevant path coefficients. This 

approach follows Preacher and Hayes (2008) and is recommended for mediation analysis in PLS-

SEM by Nitzl et al. (2016). An indirect effect was considered statistically significant when its 

bootstrap confidence interval did not include zero. The traditional causal-steps procedure of Baron 

and Kenny (1986) was not used because subsequent research has shown that it can have low 

statistical power and does not require a significant total effect for mediation to exist (Zhao et al., 

2010). 

Q² based on ten-fold cross-validated redundancy was used to calculate the predictive relevance. 

Effect sizes are reported as f². Multicollinearity was assessed at the item level (outer VIF) and the 

construct level (inner VIF) and used the conservative value of 3.3 established by Kock and Lynn 

(2012). 

3.5 Common Method Bias 

Common method variance is a potential concern since all data are gathered in the same manner at 

the same time using a single instrument (Podsakoff et al., 2003). Procedural remedies were 

incorporated into design. Anonymity of the respondents was assured and acknowledged. Items 

measuring the predictor and criterion constructs were separated in the instrument. No item was 

reverse coded and scale anchors were held constant to avoid introducing method factors that would 

not be part of the original method. Statistically, the single factor test, as developed by Harman, 

was used. The first unrotated factor explains only 31.95 per cent of the variance (which is below 

50 per cent) and five factors have an eigenvalue of >1.0. Following Podsakoff et al. (2003), we 

note that the Harman's test is a weak diagnostic and that its success is only necessary but not 

sufficient. Further evidence against common method bias is provided by the contrasting strength 

of relationships observed within the same survey instrument. The direct relationship between 

privacy concerns and intention to use AI was negligible and statistically non-significant (β = .023), 

whereas the relationship between perceived personalization benefits and intention to use AI was 

considerably stronger (β = .454). If a substantial common method effect were driving the results, 

a more consistent inflation of relationships among constructs measured using the same method 

might be expected. The presence of both negligible and strong path coefficients therefore provides 

some reassurance that the observed relationships are not simply artifacts of the common 
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measurement method. Inner VIFs were also checked for full collinearity, all of which are under 

the threshold of 3.3 that Kock (2015) considers a live issue of method bias (Table 6). 

4. Results 

4.1 Measurement Model: Initial Estimation and Purification 

The results of the initial model estimation are reported before those of the purified model. This 

was a deliberate decision intended to ensure transparency in the measurement-model assessment. 

Reporting only the final purified model would prevent readers from evaluating the problems 

identified in the original specification and the basis for subsequent item removal. Importantly, 

these issues were not treated merely as statistical problems; they also revealed theoretically 

meaningful distinctions between the constructs and their measurement. Presenting both stages 

therefore makes the model-refinement process explicit and allows readers to assess the conceptual 

as well as the empirical justification for the changes. The results of the initial measurement model, 

comprising all 32 items, are presented in Table 2. 

Table 2. Initial measurement model (all 32 items) items and constructs below threshold in 

bold 

Construct Cronbach's α CR AVE Items below λ = .70 

PPB 0.875 0.908 0.626 PPB6 (.584) 

PDS 0.694 0.781 0.383 PDS1 (.550), PDS2 

(.548), PDS3 (.686), 

PDS4 (.659), PDS5 

(.399) 

PC 0.904 0.925 0.640  

ET 0.761 0.828 0.419 ET2 (.354), ET4 (.605), 

ET5 (.522), ET1 (.668) 

IU 0.897 0.921 0.661  

Two constructs failed convergent validity outright. 

Ethical trust had an average variance extracted (AVE) of .419, which was below the recommended 

minimum threshold of .50 (Fornell and Larcker, 1981). The source of this problem was clearly 

identifiable. The two items framed as normative “should” statements—ET2, which assessed 

expectations of transparency, and ET5, which assessed expectations of accountability—had 

loadings of λ = .354 and λ = .522, respectively, the lowest loadings in the instrument. This is in 
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line with the conceptual approach taken in Section 3.3 where it is argued that these items represent 

expectations of ethics, but not the trust of ethics. Having faith that AI providers operate in a 

trustworthy and transparent way is different from expecting them to do so. A student might actually 

want more accountability if they don't have a lot of confidence in AI providers. The low loadings 

are consequently not simply psychometric "anomalies" but rather offer empirical evidence for the 

conceptual distinction between normative moral judgments and judgments of trust. 

The perceived data sensitivity (PDS) also exhibited poor measurement properties, with an AVE of 

.383 and a Cronbach’s α of .694, and three items had loadings of less than .60. This result has also 

a substantive interpretation. The PDS block requested students to rate the sensitivity of a variety 

of information, such as grades, learning difficulties, family background, mental health information, 

personal interests and goals, along with a behavioral item. These items may not function as 

interchangeable indicators of a single underlying perception of data sensitivity. Instead, students 

may reasonably regard different categories of information as having different levels of sensitivity. 

For example, a student may consider mental health information highly sensitive while viewing 

information about personal interests as considerably less sensitive, without any inconsistency in 

these judgments. This is particularly evident for PDS5, “Information about personal interests and 

goals is private,” which had a loading of only λ = .399. The weak measurement performance 

therefore suggests that perceived data sensitivity may be type-specific rather than a single 

unidimensional reflective construct. Consequently, imposing a reflective specification may have 

required a degree of commonality among the indicators that the construct does not theoretically 

possess. The HTMT ratio for ethical trust and intention to use is .872 which is above the 

conservative HTMT value of .85 (Henseler et al., 2015), suggesting that the discriminant validity 

between the two constructs is questionable. Purification was conducted in two stages: first on 

conceptual grounds and then on psychometric grounds. Items that did not adequately represent the 

intended construct were removed based on theoretical considerations before the remaining items 

were evaluated using their statistical measurement properties. We removed: 

• ET2 and ET5 normative expectation items that were error coded for a belief construct 

(Section 3.3); 

• The weakest-loading sensitivity items are PDS1, PDS2 and PDS5 which focus on 

institutionally held, protection-warranting data (family background, mental health and 

Behavioural caution item); 

• PPB6 (“The benefits of personalised AI outweigh the inconvenience of sharing some 

personal information”, λ = .584) was also removed on conceptual grounds. On closer 

examination, the item does not measure perceived personalization benefits alone. Instead, 

it asks respondents to make an explicit trade-off between the benefits of personalization 

and the costs of sharing personal information. In this way, the item has actually 

implemented the privacy-calculus judgment that the structural model is meant to make 
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sense of. This would mean that a portion of the decision logic would be part of the model's 

predictor constructs, leading to a conceptual overlap between the measurement and 

structural aspects of the model for PPB6. In light of the need to maintain the construct 

validity and conceptual independence of perceived personalization benefits, the removal 

of this was thus necessary. 

After the purification process, 26 items remained in the final measurement model. Elimination of 

5 items on 2 constructs is not a minor statistical adjustment, but is regarded as a substantive change 

of the original measurement specification. Specifically, the PDS construct is measured with just 

three items, therefore not capturing the scope of perceived data sensitivity in full. This is not 

something that is ignored as insignificant, but it is explicitly acknowledged. Accordingly, the 

implications of the reduced measurement specification, particularly for PDS, are discussed as a 

study limitation in Section 6 and should be considered when interpreting the findings. 

4.2 Measurement Model: Purified Solution 

Table 3 reports item-level descriptives and final loadings. Table 4 reports construct-level reliability 

and convergent validity. 

Table 3. Item descriptives and outer loadings (purified model) 

Item Mean SD Skew. Kurt. Loading 

PPB1 3.53 0.95 -0.61 0.56 0.851 

PPB2 3.80 1.00 -0.93 0.80 0.867 

PPB3 3.27 1.01 -0.35 -0.20 0.830 

PPB4 3.39 1.00 -0.51 0.10 0.800 

PPB5 3.60 0.95 -0.59 0.38 0.814 

PDS3 4.40 0.87 -1.41 1.53 0.729 

PDS4 4.19 0.90 -0.77 -0.37 0.686 

PDS6 4.48 0.77 -1.29 0.71 0.865 

PC1 3.65 0.95 -0.15 -0.34 0.796 

PC2 3.85 1.01 -0.64 -0.15 0.806 
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PC3 3.54 1.00 -0.05 -0.62 0.751 

PC4 3.88 1.00 -0.68 0.11 0.734 

PC5 3.72 0.88 -0.27 -0.24 0.778 

PC6 3.87 0.89 -0.47 0.01 0.871 

PC7 3.90 0.96 -0.60 -0.08 0.854 

ET1 2.94 0.92 -0.06 0.18 0.726 

ET3 3.76 0.85 -0.09 -0.60 0.751 

ET4 2.91 0.88 -0.07 0.40 0.651 

ET6 3.31 0.88 -0.25 0.54 0.763 

ET7 3.60 0.92 -0.37 0.25 0.751 

IU1 3.59 1.03 -0.56 0.25 0.868 

IU2 2.94 1.05 -0.09 -0.51 0.750 

IU3 3.38 0.99 -0.50 0.37 0.845 

IU4 3.48 1.01 -0.47 0.05 0.775 

IU5 3.46 0.98 -0.47 0.28 0.830 

IU6 3.85 1.04 -0.86 0.60 0.806 

Three constructs are unambiguously sound. Perceived Personalisation benefits (α = .890, CR = 

.919, AVE = .694), privacy concerns (α = .904, CR = .925, AVE = .640) and intention to use AI 

(α = .897, CR = .921, AVE = .661) all clear every threshold with margin. 

Ethical trust does meet the criteria but barely with AVE = .532 just above the .50 floor. Both 

composite reliability and α are acceptable at .850 and .782, respectively. One item, ET4 ("I trust 

AI systems to protect student privacy", λ = .651), falls below .70 standard. However we decided 

to retain it. The rationale is that Hair et al. (2019) allow for keeping items in the .40–.70 range as 

they do not increase AVE or CR beyond threshold and because they represent conceptual content 

the construct demands. 
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Table 4. Construct reliability and convergent validity (purified model) 

Construct Items Cronbach's α CR AVE 

Perceived 

Personalisation 

benefits (PPB) 

5 0.890 0.919 0.694 

Perceived data 

sensitivity (PDS) 

3 0.659 0.806 0.583 

Privacy concerns 

(PC) 

7 0.904 0.925 0.640 

Ethical trust in 

AI (ET) 

5 0.782 0.850 0.532 

Intention to use 

AI (IU) 

6 0.897 0.921 0.661 

ET4 was retained because it was the only remaining item that directly captured privacy protection 

within the ethical trust construct. Although removing the item might have produced a modest 

improvement in the construct’s statistical indicators, doing so would have weakened its content 

validity by removing an important conceptual dimension of ethical trust. The decision therefore 

prioritized theoretical coverage over a purely statistical improvement in model fit. Accordingly, 

the convergent validity of ethical trust is considered acceptable, although relatively close to the 

recommended threshold and therefore interpreted with appropriate caution. As is explicitly stated, 

perceived data sensitivity is a weaker construct. AVE = .583 and CR = .806 are satisfactory. But 

Cronbach's α = .659 is still lower than the .7 criterion and PDS4 loads at .686, which is just below 

0.70. 

Rather than overlooking these results, they are reported transparently. Three considerations are 

important when interpreting this weaker measurement performance. First, α is a lower bound 

estimate and is always deflated by low numbers of indicators; the fact that there are only three 

indicators and α = .659 with CR = .806 is a familiar pattern; and composite reliability is the 

appropriate statistic in a PLS context precisely because it does not assume tau-equivalence (Hair 

et al., 2019; McNeish, 2018). Second, the substantive criteria for interpreting the structural 

interpretation are met AVE is greater than .50, indicating that more variance in the indicators is 

explained than error, and discriminate validity is obtained. The third and most important aspect is 

PDS in the structure model. It has the largest effect size in the study (f² = .464 on privacy concerns). 

If a construct is measured with some noise, and it still accounts for 31.7 per cent of the variance in 
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its outcome, then it isn't a construct that's failed, it's a construct whose true effect is, if anything, 

obscured by that noise. Nevertheless, the Cronbach’s α of .659 remains a genuine measurement 

limitation, and conclusions regarding the magnitude and interpretation of the PDS effect should 

therefore be made with appropriate caution. 

4.3 Discriminant Validity 

The Fornell-Larcker criterion and the HTMT ratios are presented in Table 5. 

Table 5. Discriminant validity: Fornell–Larcker (below diagonal, √AVE on diagonal) and 

HTMT (above diagonal, italic) 

 PPB PDS PC ET IU 

PPB 0.833 0.027 -0.072 0.720 0.808 

PDS 0.010 0.763 0.660 -0.036 0.058 

PC -0.066 0.563 0.800 -0.292 -0.113 

ET 0.617 -0.047 -0.225 0.730 0.844 

IU 0.732 0.015 -0.109 0.727 0.813 

All constructs satisfied the Fornell–Larcker criterion, with the square root of the AVE for each 

construct exceeding its correlations with the other constructs. The highest inter-construct 

correlation was between perceived personalization benefits (PPB) and intention to use AI (IU), at 

.732, compared with square roots of AVE of .833 for PPB and .813 for IU. The results of the 

HTMT also confirmed the discriminant validity as all the values are less than the recommended 

.85 value. Notably, the ET–IU HTMT ratio was dropped from .872 in the initial model to .844 in 

the purified model, which is just below the .85 threshold. This finding must, however, be viewed 

with caution, and not held up as definitive evidence of separation. Ethical trust and intention to use 

AI are conceptually related: If a student thinks that an AI system is handling data in an ethical way, 

they may be more likely to use the system. The constructs, however, are still theoretically separable 

as ethical trust is a belief in the trustworthiness of the AI system, while intention to use is a 

behavioural disposition to use the AI system in the future. Thus, although the ET–IU value of .844 

meets the adopted criterion, its proximity to the threshold indicates that the distinction is relatively 

close and should be considered when interpreting the ET → IU relationship. 

Inspection of the cross-loadings provided additional evidence of discriminant validity. Each 

retained item loaded more strongly on its assigned construct than on any other construct in the 

model. No retained item exhibited a higher cross-loading on another construct, supporting the 

empirical distinctiveness of the measures. 
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4.4 Structural Model 

Collinearity was diagnosed prior to the estimation of paths. The inner VIF values are all below the 

3.3 threshold, ranging from 1.004 to 1.708. All outer VIFs are also OK. There is no collinearity 

affecting the coefficients. 

The results of structural analysis are shown in Table 6. 

Table 6. Structural Model: Direct Effects (5,000 Bootstrap Resamples) 

H Path β SE t p 95% CI f² VIF Result 

H1 PPB → 

ET 

0.605 0.041 14.90 <.001 [.524, .687] 0.621 1.004 Supported 

H2 PDS → 

PC 

0.563 0.037 15.39 <.001 [.493, .637] 0.464  Supported 

H3 PC → 

ET 

−0.185 0.060 −3.09 .002 [−.302, 

−.061] 

0.058 1.004 Supported 

H4 ET → 

IU 

0.453 0.045 10.05 <.001 [.374, .551] 0.352 1.708 Supported 

H5 PPB → 

IU 

0.454 0.050 9.03 <.001 [.346, .546] 0.371 1.629 Supported 

H6 PC → 

IU 

0.023 0.035 0.66 .507 [−.043, 

.093] 

0.001 1.063 Not 

supported 

Five of the six hypothesised paths are supported. The sixth is not, and its failure is the most 

substantively interesting result in the study. 

H1 is supported. Perceived Personalisation benefits raise ethical trust strongly (β = .605, t = 14.90, 

p < .001, 95% CI [.524, .687]). The effect size is large (f² = .621). Students who believe AI 

Personalisation helps them are markedly more likely to believe the AI will treat their data ethically. 

H2 is supported. Perceived data sensitivity raises privacy concerns (β = .563, t = 15.39, p < .001, 

CI [.493, .637]), with a large effect (f² = .464), explaining 31.7 per cent of the variance in concern. 

H3 is supported. Privacy concerns erode ethical trust (β = −.185, t = −3.09, p = .002, CI [−.302, 

−.061]). The direction is as predicted and the effect is significant. But the effect size is small (f² = 

.058) noticeably smaller than the benefit path acting on the same construct. This asymmetry 

matters, and we return to it in the discussion. 

https://iessociety.org/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.56879/ijbm.v5i4.164


INTERNATIONAL JOURNAL OF BUSINESS AND MANAGEMENT (IJBM)   

ISSN: 2815-9330 (Online) 

 

VOL. 5, NO. 4 2026                                                                  https://iessociety.org/ 

 
Copyright: © 2026 by the authors. Licensee IJBM IESS, New Zealand. This article is an open access article distributed 
under the terms and conditions of the Creative Commons Attribution (CC BY) license.  
 
DOI: https://doi.org/10.56879/ijbm.v5i4.164  

259 

H4 is supported. Ethical trust raises intention to use (β = .453, t = 10.05, p < .001, CI [.374, .551]), 

with a large effect (f² = .352). 

H5 is supported. Perceived Personalisation benefits raise intention to use directly (β = .454, t = 

9.03, p < .001, CI [.346, .546]), also with a large effect (f² = .371). 

H6 is not supported. Privacy concerns have no direct effect on intention to use AI (β = .023, t = 

0.66, p = .507, CI [−.043, .093]). The effect size is practically nothing (f² = .001). The confidence 

interval is well above and well below zero and I should note that the point estimate is in the positive 

direction, not just that it is not significant in the direction it was hypothesised. 

This should not be read as a ‘null' result due to a lack of statistical power. The sample size n = 323, 

together with the bootstrap confidence interval [−.043, .093] indicates that the estimate is precise 

enough to rule out that there is a significant direct connection between privacy concerns and 

intention to use AI. Thus, the range indicates that the direct effect is unlikely to exceed about −.04. 

So, for this sample, privacy concerns seem to have no direct effect on decreasing the use intention 

of students. Their impact might rather manifest itself in other ways, namely by the means of ethical 

trust. 

4.5 Mediation Analysis 

Table 7 reports the indirect effects. 

Table 7. Indirect Effects (5,000 Bootstrap Resamples) 

Indirect path Effect SE t p 95% CI Type 

PPB → ET → IU 0.278 0.035 7.87 <.001 [.213, .352] Complementary partial 

mediation 

PC → ET → IU −0.086 0.030 −2.86 .004 [−.147, 

−.027] 

Full (indirect-only) 

mediation 

PDS → PC → ET −0.107 0.036 −2.94 .003 [−.180, 

−.033] 

Significant 

PDS → PC → ET 

→ IU 

−0.049 0.018 −2.71 .007 [−.087, 

−.014] 

Significant serial 

mediation 

Three mediating pathways are significant. The benefit route (PPB → ET → IU) carries an indirect 

effect of .278 (t = 7.87, p < .001, CI [.213, .352]). This combined with the direct effect of .454 

gives a total effect of .732. Thus, the ethical trust is the carrier of 38.0 per cent of the total effect 

of benefit perception on adoption. The results showed that both direct and indirect effects were 

large and positive, which means that in the taxonomy of Zhao et al. (2010), this is a complementary 
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partial mediation: trust complements, but does not supplant, the utilitarian effect of perceived 

benefit. The concern route (PC → ET → IU) carries an indirect effect of −.086 (t = −2.86, p = 

.004, CI [−.147, −.027]). This direct effect is not significant. This is full (indirect only) mediation. 

There is no other channel that leads from privacy concern to adoption intention except for the 

ethical trust channel. 

The serial route (PDS → PC → ET → IU) carries a significant indirect effect of −.049 (t = −2.71, 

p = .007, CI [−.087, −.014]). The complete causal pathway from data sensitivity to concern to trust 

to intention is present. It is indeed a road, but it's a simple road. The first-stage serial link (PDS → 

PC → ET) is likewise significant at −.107 (t = −2.94, p = .003). All together, these findings 

constitute the main empirical claim of this paper. Ethical trust is not one factor out of others. The 

only path through which privacy concern leads to Behaviour. If you take the trust away from the 

model, then privacy concern is causally dead in relation to adoption. 

4.6 Explanatory and Predictive Power 

Table 8 reports R², adjusted R² and Q². 

Table 8. Explanatory and Predictive Power 

Endogenous 

construct 

R² Adjusted 

R² 

Q² Assessment 

Privacy concerns 

(PC) 

0.317 0.315 0.188 Moderate explanatory; predictive 

relevance established 

Ethical trust in AI 

(ET) 

0.414 0.411 0.214 Moderate explanatory; predictive 

relevance established 

Intention to use AI 

(IU) 

0.659 0.656 0.426 Substantial explanatory; medium-to-large 

predictive relevance 

The model accounts for 65.9 per cent of the variance in intention to use AI (adjusted R² = .656). 

This is significant based on standards in the field (Hair et al., 2019) and is comparable to what has 

been found in the published literature on adoption in educational technology, which ranges from 

.40 to .60. Ethical trust is moderate with R² = .414 and privacy concerns R² = .317. 

Ten folded cross-validated redundancy yields Q² values of .426, .214 and .188 for intention to use, 

ethical trust, and privacy concerns respectively, all of which are positive. All the values are positive 

indicating out-of-sample predictive relevance. The Q² for the dependent construct of .426 is a 

medium-to-large predictive relevance, meaning that the model does not just fit these data, it also 

predicts held out cases. The estimated model has an SRMR value of .097. This is within the .10 

threshold value sometimes applied in the PLS approach but is higher than the .08 threshold value 
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that is conventionally applied in covariance-based SEM (Hu and Bentler, 1999; Henseler et al., 

2014).  

This issue is explicitly acknowledged as a limitation of the study. With PLS-SEM, the standardized 

root mean square residual (SRMR) is considered as an approximation to the model-fit measure 

and there is some debate on how to interpret it. For instance, Hair et al. (2019) warn that global fit 

indices are not necessarily reliable criteria for a composite-based method like PLS-SEM where the 

aim is prediction and variance explained and not covariance reproduction. Nevertheless, the 

observed SRMR of .097 is not particularly strong and should not be disregarded. It is also in line 

with the previously detected measurement limitations of the PDS and ET constructs. The study 

therefore cannot boast of a very good overall fit of the model. Instead, the results show good 

measures of predicted and explanatory power with the recognized weaknesses in certain aspects 

of the measurement model and these weaknesses are communicated in the interpretation of results. 

4.7 Summary of Results Below Threshold 

For transparency, Table 9 consolidates every criterion in this study that falls below its conventional 

threshold. 

Table 9. Consolidated Record of Criteria Below Conventional Thresholds 

Criterion Value Threshold Status Treatment 

Cronbach's α 

PDS 

0.659 ≥ 0.70 Below Retained. CR = .806 and AVE = .583 

are met. α is deflated by the three-item 

count. Flagged as a limitation; PDS 

inferences carry this qualification. 

AVE ET 0.532 ≥ 0.50 Met, 

marginally 

Retained. Clears the floor but with little 

margin. Flagged. 

Loading 

ET4 

0.651 ≥ 0.70 Below Retained per Hair et al. (2019): deletion 

would not raise AVE/CR above 

threshold, and ET4 is the only 

remaining item addressing privacy 

protection directly. 

Loading 

PDS4 

0.686 ≥ 0.70 Below 

(marginal) 

Retained. Within the .40–.70 acceptable 

band; deletion would reduce PDS to 

two items. 
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HTMT ET 

↔ IU 

0.844 < 0.85 Met, 

marginally 

Clears the conservative threshold. 

Constructs are conceptually adjacent; 

readers should weigh the ET → IU path 

accordingly. 

SRMR 0.097 < 0.08 

(strict); < 

0.10 (PLS) 

Above 

strict 

threshold 

Reported openly. Approximate fit is 

contested for composite-based PLS 

(Hair et al., 2019). We claim predictive 

performance, not excellent fit. 

Age variable 

distribution 

n = 206 

at lowest 

option 

Plausible 

cohort 

Implausible Treated as an instrument artefact. Age 

enters no structural path, so estimates 

are unaffected. Demographic profile 

should be read with caution. 

H6 direct 

path 

β = 

0.023, p 

= .507 

Significant 

negative 

Null Not a defect this is the study's central 

substantive finding. Concern is fully 

mediated by ethical trust. 

There are no conflicting major structural claims in the evidence reported in Table 9. But these 

diagnostic findings give important rationale for exercising due caution in interpreting those 

conclusions. Instead of providing a “pure” set of numbers while screening out areas of 

measurement weakness, the study explicitly describes these limitations, allowing readers to form 

their own judgments about the numbers in the context of all the evidence. Conclusions are thus 

appropriately qualified by the measurement and model-fit limitations described above and the 

structural results remain supported. 

5. Discussion 

5.1 The Finding That Matters 

The students in this sample showed a high level of interest in the collection and use of their 

personal information. The results indicate concern regarding their data being shared without their 

permission or understanding (M = 3.85), misused by AI providers (M = 3.87), and used in ways 

they were not aware of (M = 3.90). In addition, the construct mean for perceived data sensitivity 

was the highest among the constructs in the study (M = 4.36). These findings suggest that the lack 

of a strong direct link between privacy concerns and intention to use AI does not mean that students 

are not concerned about privacy or are complacent. In contrast, students clearly view their 

information as personal and have substantive concerns about how this information might be used. 

But these concerns do not impact students' AI usage plans directly. This aligns with the privacy 

paradox in an adolescent educational context: students express high levels of privacy concerns, 
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even as they continue to express intention to use AI. The results, however, are not merely a 

restatement of the privacy paradox, but an opportunity to see a potential mechanism through which 

privacy concerns function. The inaction of privacy concern, on the other hand, is not inaction but 

seems to be passed through ethical trust. Ethical trust is significantly negatively predicted by higher 

privacy concern (β = −.185, p = .002) and strongly and positively predicted by intention to use AI 

(β = .453, p < .001). Accordingly, the indirect effect of privacy concern on intention to use AI is 

significant (β = −.086, p = .004), but the direct effect is not (β = .023, p = .507). Therefore, privacy 

issues seem to impact adoption indirectly by reducing ethical trust of students in AI use, not by 

dissuading them from using it. 

Based on this evidence, the privacy paradox cannot be reduced to a case of the lack of effects of 

privacy concern. Instead, privacy concern seems to impact behavioural intention by way of the 

belief that privacy concern negatively impacts—ethical trust. If a student is concerned about the 

misuse of their personal data they are not required to cease using an AI tutor. Rather, the student 

can persist in using the system and trust less and less. This erosion of trust is then reflected in the 

student's use intention of AI. 

The interpretation provides an alternative account to that of either a lack of students' concern for 

privacy, or an inherently irrational and inconsistent student behaviour. The results indicate that 

there may be a more coherent process: If the decision to opt out has a significant impact on 

learning, students may feel very conscious of privacy and yet still use AI. In these situations, 

rejecting isn't always a viable technique for revealing privacy issues. For this reason, concern 

might take the form of a drop in trust in institutions and AI systems that manage students' data, 

instead of immediate disuse. This interpretation is supported by the results of this study, but the 

cross sectional design suggests that the proposed mechanism needs to be seen as an explanation, 

supported by the data, rather than proof of causality. 

5.2 The Asymmetry of the Trust Equation 

The second aspect of the findings relates to the two precursors of ethical trust: the impact of each 

is very different. The perceived personalization benefits are significantly related to ethical trust (β 

= .605, f² = .621), while privacy concerns are significantly but less related to ethical trust (β = 

−.185, f² = .058). Thus the standardized coefficient for perceived benefits is more than three times 

as big as the one for privacy concerns. 

The pattern of this asymmetry indicates that students' ethical trust in AI is driven more by them 

perceiving it as helpful and useful, than by their privacy concerns. A helpful AI system can build 

significant trust in practice, even in the face of data practice concerns. This is a potentially 

significant and somewhat disconcerting discovery; because while there are privacy concerns that 

are not being resolved, it is possible that usefulness is outweighing that component in the creation 

of trust. So privacy concern seems less of a breaking force on trust and more of a dampening force 

in an otherwise powerful benefit-driven process. 
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But this is not a sign that privacy issues are not significant. Instead, it indicates that the functional 

value and ethical confidence may fuse in students' judgments; that is, students might believe in the 

system partly because it is working for them, even when issues of how their data are being used 

remain unresolved. This distinction matters a lot for schools and AI providers, as usefulness is not 

a justification for only those data practices that are demonstrably ethical. 

If students' ethical trust in AI education is more about usefulness rather than a proxy for 

trustworthiness, then trust cannot be equated with trustworthiness. This is why an AI system could 

potentially gain the trust of students by offering them effective and personalised support in 

learning, even though practices of such AI systems have not been individually analysed or proven 

to be ethically correct. In this way, students can effectively give an “ethical” credit for pedagogical 

performance, even if there is no evidence that students' data are being collected, stored, shared, 

and handled responsibly. 

This creates an important tension. The same perceived benefits that encourage students to adopt 

educational AI may also reduce the likelihood that its ethical practices are critically scrutinised. A 

system that is highly useful can therefore become highly trusted without necessarily becoming 

more trustworthy. The implication is that schools and AI providers should not rely on students 

expressed trust as evidence of ethical performance. Trustworthiness must instead be established 

independently through transparent data practices, meaningful accountability, privacy protection, 

and appropriate oversight. 

5.3 Theoretical Implications 

Three contributions follow: 

First, the privacy calculus requires a mediator in constrained-choice settings. In the classical 

view, benefit and risk are two inputs to a disclosure decision that are parallel to each other (Dinev 

and Hart, 2006 and Culnan and Armstrong, 1999). In our data the parallel specification of the risk 

term is rejected. Risk does not directly come into the decision; it comes in through trust. This is a 

common pattern of low-exit privacy contexts (where not adopting is associated with a material 

cost). In such situations, the risk element cannot manifest itself behaviourally and therefore 

manifests itself attitudinally. One such context is education. Presumably other possibilities are 

healthcare and employment. In these settings the calculus does not break down, it reroutes. 

Second, ethical trust is a distinguishable construct with distinct antecedents. The purification 

analysis also reveals an important conceptual distinction that has not always been made clearly in 

the literature: trust in AI and ethical expectations of AI are not the same construct. In the initial 

measurement model, the two normative items—ET2 and ET5—loaded weakly on ethical trust (λ 

= .354 and λ = .522, respectively). This suggests that students’ expectations about how AI 

providers should behave are conceptually different from their beliefs about how AI providers 

actually behave. At the same time, students reported only moderate confidence in providers’ actual 
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behaviour, as reflected in ET1 (M = 2.94) and ET4 (M = 2.91), while expressing stronger 

expectations regarding how AI providers ought to behave. 

There is a substantive difference between the ethical expectation and the ethical belief. Students 

can make very strong demands for transparency, accountability, and privacy protection, which 

they don't feel AI providers are currently doing. This can therefore create an expectation–belief 

gap, which constitutes an ethical tension in education AI. Some measurement instruments that 

attempt to measure AI provider behavior and student expectations for such behavior may not 

discriminate between ethical trust and ethical expectations. Future research should therefore 

measure ethical expectations and ethical trust separately, as the difference between the two can 

then be an object of analysis, rather than merely a source of measurement error. 

Third, the perception of data sensitivity is not a single dimension. This is not just a measurement 

issue – it is a finding of substance. The first reflective specification of the perceived data sensitivity 

was not very well (AVE = .383), which may indicate that students do not have an overall generic 

sensitivity perception that is manifested in the same way in each type of personal data. Their 

judgments, rather, seem to be typespecific. For instance, the item about mental health information 

was very close to the high sensitivity end of the scale (M = 4.19), while the item about interests 

and goals was not very common with the overall construct (λ = .399) and thus it was dropped. 

In this way, Bansal et al. (2016) and Nissenbaum's (2010) theory of contextual integrity, which 

posits that privacy judgements vary based on information type and context, are supported. Thus, 

the poor performance of the initial PDS scale might more accurately be attributed to a problem in 

specification; strong assumptions are being made that different kinds of sensitivity judgments are 

equivalent expressions of the same underlying disposition. The results of the present study 

challenge this assumption and indicate that type specific or other measurement specifications of 

perceived data sensitivity should be taken into account for future research. 

5.4 Practical Implications 

The results of this research on this study have significant implications for schools and the providers 

of educational AI.  

Reassurance is not an appropriate response. It seems the response to the student privacy issue by 

industry is communicative: privacy notices, FAQ pages, statements of commitment. These are 

intended to help ease the concern. We found that decreasing privacy concerns alone is not likely 

to yield a significant direct effect on students' intention to use AI. There was statistically weak 

direct association between privacy concerns and intention to use AI (β = .023, p = .507). This 

means that for schools and AI vendors, just trying to ease the minds of students about privacy will 

not be enough to impact adoption. The more significant pathway seems to be in relation to ethical 

trust and focus therefore should be placed on the practices that foster and enable ethical trust rather 

than just attempting to abate students' concerns. Concern-reduction is not the lever if the aim is 
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adoption. To the extent that the objective is ethical adoption, concern reduction efforts can 

backfire, as concern is not universally correlated with increased adoption and can also shield from 

the critical assessment of AI systems that students make. 

That's the issue, trust is established through a proven benefit. In our model perceived usefulness 

(β = .605) is the strongest predictor. This discovery doesn't necessarily bode well for AI vendors. 

It indicates that learners might be ready to adopt systems that they find beneficial as long as there 

are some doubts on how their data is being managed. From a business standpoint, this provides an 

incentive to do whatever you can to appear helpful but not do the same with data governance. This 

means that securing ethical adoption will require regulatory protections and procurement 

requirements that ensure responsible data practices are a prerequisite for adoption. 

Students are not held responsible; schools are held accountable. Concern is not refusal and 

responsibility for privacy should not be 100% with the student in a low-exit environment. Consent 

processes are not allowing for students’ autonomy (Regan and Jesse, 2019; Prinsloo and Slade, 

2017) where students have a nominal opt out. This task falls on the institutions at procurement, 

before the student ever sees the interface. 

Design for verified not asserted stewardship. Clearly explained data practices (ET7: “I feel 

confident using AI tools that clearly explain how data is collected and used”) had the highest mean 

score within the ethical trust construct (M = 3.60) compared to the mean score for the construct 

(M = 3.30). This indicates that transparency is a factor for ethical trust. But explanation is not 

enough. Transparency for adolescent users must be actionable, meaning it should be 

communicated in a way that is understandable to a teenager, it should be specific as to what data 

are collected and how they're used, and there must be some real control over this. 

6. Limitations and Future Research 

Measurement. There are two areas of measurement weakness. Following scale purification, 

Perceived Data Sensitivity was reduced to a three-item construct with Cronbach’s α = .659, below 

the conventional .70 threshold. Ethical Trust achieved an AVE of .532, only marginally above .50, 

and retained an item with a loading of .651. In addition, the ET–IU HTMT value of .844 

approaches the .85 threshold for discriminant validity. Although each result is individually 

defensible, taken together they indicate an adequate rather than strong measurement model, a 

conclusion reinforced by the SRMR of .097. This is an area that can be explored with further 

research. 

The PDS specification. As discussed in Section 5.3, this weakness may be diagnostic rather than 

merely psychometric. The poor performance of Perceived Data Sensitivity suggests that sensitivity 

may not be appropriately specified as a single reflective construct. A formative specification, in 

which sensitivity to different categories of data contributes to the overall construct, or separate 

type-specific constructs—for example, academic, health, and background data sensitivity—may 
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provide a more theoretically appropriate and informative representation. We did not respecify the 

construct in the present study because doing so would have altered the model originally specified 

for testing. Future research should therefore explicitly test and compare these alternative 

specifications rather than simply refine the existing reflective scale. 

Causality. Because the study uses a cross-sectional design, the direction of the estimated 

relationships cannot be established empirically. Although we specify privacy concern as an 

antecedent of ethical trust on theoretical grounds (Section 2.4.3), the reverse ordering is also 

plausible: lower ethical trust may itself generate greater privacy concern. The fact that the proposed 

model is supported by the data does not resolve this issue, because model fit cannot establish causal 

or temporal direction. Experimental or longitudinal research is therefore required to distinguish 

between these competing explanations.  

Common method variance. All measures were self-reported, collected at the same time, and 

obtained through a single questionnaire, creating the possibility of common method bias. 

Harman’s single-factor test showed that the first factor accounted for 31.95% of the variance, 

providing some reassurance that a single common factor did not dominate the data; however, this 

test cannot rule out more selective forms of method-related inflation. Furthermore, no procedural 

measures to prevent the possibility of procedural effects were included in the study, such as 

reverse-coded items, a temporal separation of measures, or a marker variable. This is a limitation 

in method and not one that can be overcome by statistical reassurance at post hoc. These should 

be included in the design of instruments and in data collection in future studies. 

Intention, not Behavior. The study is conducted as a measure of intention to use, not as a measure 

of actual use of AI. This distinction is important since the gap between intention and behaviour is 

well documented and may be more significant in privacy contexts, as reflected in the privacy 

paradox which motivates this study (Norberg et al., 2007). Therefore, the relationships found here 

should not be assumed to apply to students' usage of AI tools. A more robust test would connect 

the perceptual and attitudinal constructs addressed in this study with actual behavior, e.g., system 

usage logged. This would enable future studies to find out whether privacy concern, ethical trust, 

and perceived usefulness, predict the actual behavior of students, not simply what they say they 

are going to do. 

Beyond these experimental research needs to be conducted to determine if trust can be increased 

when specific trust cues (transparency disclosures, accountability signals, meaningful control 

affordances, etc.) are manipulated apart from perceived usefulness, thereby increasing ethical trust. 

This is especially significant in the context of the dominant factor in the current model – perceived 

usefulness – because if trust can be gained through governance mechanisms rather than usefulness, 

this has significant implications for the design of responsible AI. 

Also, there is a need for cross-cultural and cross-regulatory comparisons. Students who are subject 

to GDPR-equivalent data protections might have different values, risks, and trust issues concerning 
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pedagogical AI than students under a less explicit or less robust regulatory framework. Such 

comparisons would allow to determine if the privacy calculus observed here is domain-specific or 

not, and to determine its generalizability to other types of regulatory settings. 

Future research may look at using longitudinally designed studies, where students are tracked as 

AI systems learn more about them over time. The present study captures privacy perceptions 

largely at one point in students’ engagement with these technologies. Yet the more consequential 

question concerns what happens after repeated disclosure and prolonged data collection. Tracking 

students over several years would reveal whether continued exposure produces greater trust 

through familiarity, increasing concern as awareness develops, or gradual resignation to data 

collection. Understanding how this relationship evolves over the next five years may ultimately be 

more informative than any single cross-sectional estimate. 

7. Conclusion 

We started with a pupil who was reluctant to write the answer to a question in an AI tutor. We can 

now say something about what that hesitancy is composed of. It's not a computation of whether to 

use the tool. That in practice, is a question that has already been answered, homework must be 

done and the tool assists with that. It's a matter of whether to trust the instrument. We have 

demonstrated that belief is where the privacy concern resides. 

This study revealed that high school students perceive data sensitivity and have high privacy 

concerns. Both do not directly decrease their intention to use AI. What they do is they undermine 

ethical trust that the system will deal with their information responsibly and it is ethical trust, along 

with perceived benefit, that drives adoption. The model accounts for 65.9 per cent of the variance 

in intention. 

The bottom line is embarrassing and should not be sugar-coated. Students have no Behavioural 

outlet for concern, since they cannot refuse. Rather it is stored as a sense of loss of confidence in 

the institutions and systems educating them. Because usefulness (β = .605) is a much stronger 

driver of trust than suspicion (β = −.185), a very helpful AI system can continue to generate trust 

even when its data practices are not investigated. 

The findings therefore do not necessarily describe a generation making a deliberate trade of privacy 

for personalisation. Rather, they point to students operating in contexts where the ability to refuse 

AI may be constrained, while the educational usefulness of these systems can generate trust despite 

unresolved questions about their data practices. The trade-off is real, but it may not always be 

freely chosen; the currency of that exchange is ethical trust, which students may have limited 

opportunity to withhold when AI becomes embedded in learning. 

This extends the contribution beyond technology adoption to the ethics of AI in education. It raises 

a more fundamental question about what happens to privacy as a value when exercising it carries 

an educational cost. When saying no to data collection may also mean saying no to academic 
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support, convenience, or even opportunity, privacy is no longer simply a preference to be traded 

against personalisation. It becomes a right whose exercise has a price. 
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Appendix A. Measurement instrument, initial and final loadings 

All items measured on a five-point Likert scale (1 = strongly disagree, 5 = strongly agree). "Initial 

λ" is the outer loading in the full 32-item solution; "Final λ" is the loading in the purified 26-item 

model. Every dropped item and the reason for its removal is recorded. 

Table A1. Full instrument with initial and final outer loadings 

Code Item wording Initial 

λ 

Final 

λ 

Status 

PPB1 AI provides more useful 

educational support when it 

knows more about students. 

0.847 0.851 Retained 

PPB2 Personalised AI tools can 

better meet my learning 

needs. 

0.854 0.867 Retained 

PPB3 Sharing information with AI 

can improve the quality of 

educational assistance. 

0.828 0.830 Retained 

PPB4 AI can provide more accurate 

learning recommendations 

when it has access to student 

data. 

0.791 0.800 Retained 

PPB5 Personalised AI systems can 

improve student learning 

experiences. 

0.811 0.814 Retained 

PPB6 The benefits of Personalised 

AI outweigh the 

inconvenience of sharing 

some personal information. 

0.584  DROPPED measures the trade-off 

itself, not benefit perception 

PDS1 Academic grades are 

sensitive personal 

information. 

0.550  DROPPED weak loading; 

sensitivity is type-specific 
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PDS2 Learning difficulties should 

be considered sensitive 

information. 

0.548  DROPPED weak loading; 

sensitivity is type-specific 

PDS3 Family background 

information is highly 

personal. 

0.686 0.729 Retained 

PDS4 Information about mental 

health should be treated as 

highly sensitive. 

0.659 0.686 Retained 

PDS5 Information about personal 

interests and goals is private. 

0.399  DROPPED weakest loading in 

instrument 

PDS6 Students should be careful 

about sharing personal 

information with AI systems. 

0.796 0.865 Retained 

PC1 I worry about how AI 

systems store student data. 

0.798 0.796 Retained 

PC2 I am concerned that my 

information could be shared 

without my permission. 

0.809 0.806 Retained 

PC3 AI systems collect too much 

personal information. 

0.750 0.751 Retained 

PC4 I am uncomfortable sharing 

certain personal information 

with AI tools. 

0.733 0.734 Retained 

PC5 Educational AI systems may 

not adequately protect 

student privacy. 

0.775 0.778 Retained 

PC6 I worry that AI providers 

could misuse student data. 

0.870 0.871 Retained 
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PC7 I am concerned that my 

personal information may be 

used for purposes I am 

unaware of. 

0.856 0.854 Retained 

ET1 I trust AI systems to handle 

student information 

responsibly. 

0.668 0.726 Retained 

ET2 AI companies should be 

transparent about how they 

use student data. 

0.354  DROPPED normative expectation, 

not trust belief 

ET3 I believe educational AI 

systems can be used 

ethically. 

0.776 0.751 Retained 

ET4 I trust AI systems to protect 

student privacy. 

0.605 0.651 Retained 

ET5 AI providers should be 

accountable for how they 

collect and use student 

information. 

0.522  DROPPED normative expectation, 

not trust belief 

ET6 I believe educational AI 

systems generally act in 

students' best interests. 

0.741 0.763 Retained 

ET7 I feel confident using AI 

tools that clearly explain how 

data is collected and used. 

0.755 0.751 Retained 

IU1 I intend to continue using AI 

tools for learning. 

0.868 0.868 Retained 

IU2 I would use AI even if it 

requires some personal 

information. 

0.751 0.750 Retained 
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IU3 I would recommend 

educational AI tools to other 

students. 

0.844 0.845 Retained 

IU4 AI will play an important 

role in my future learning. 

0.775 0.775 Retained 

IU5 I am willing to use AI 

systems that provide 

Personalised educational 

support. 

0.829 0.830 Retained 

IU6 I would continue using AI if 

I trusted how my data was 

handled. 

0.806 0.806 Retained 
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