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Abstract

The rapid integration of Artificial Intelligence (Al) into higher education offers substantial
opportunities while simultaneously raising critical concerns related to ethics, safety, and trust. This
study investigates how key dimensions of Al ethics named Human Rights, Autonomy, Bias,
Fairness, Transparency, and Safety influence Trust in Al and, subsequently, university students’
Intention to Use Al. The proposed relationships are examined using Partial Least Squares
Structural Equation Modeling (PLS-SEM). The measurement model is assessed in terms of internal
consistency reliability, convergent validity, discriminant validity, and collinearity through
Cronbach’s alpha, rho_A, rho_C, Average Variance Extracted (AVE), HTMT, the Fornell-Larcker
criterion, and VIF. The findings highlight Safety as a particularly influential determinant of Trust
in Al, while Trust in Al positively contributes to students’ intention to use Al technologies. At the
same time, the measurement assessment reveals discriminant validity concerns between
Transparency and Intention to Use Al, indicating substantial empirical overlap that warrants
further investigation. The study contributes to the emerging literature by proposing a human-
centered and ethics-oriented Al adoption framework, positioning trust as a critical mechanism
linking students’ ethical perceptions of Al systems with their behavioral intention to adopt them in
higher education.
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1. Introduction

Artificial Intelligence (Al) is one of the most important pillars of modern digital transformation, influencing
education, work, health, the economy, and everyday decision-making. In higher education, applications such as
generative Al, digital teaching assistants, personalized learning systems, and tools to support academic work create
significant opportunities to enhance learning, broaden access to knowledge, and improve the educational process.
However, the increasing use of ICT is accompanied by significant ethical, social, and institutional challenges. Issues
related to respect for human rights, human autonomy, algorithmic bias, fairness, transparency, and safety take on
particular importance (Seremeti & Anastasiadou, 2025; Seremeti et al., 2025). These dimensions lie at the core of
responsible and human-centered Al, as acceptance of a system depends not only on its usefulness and technological
effectiveness, but also on whether users perceive it as safe, fair, transparent, and compatible with human autonomy
and fundamental rights.

In this context, trust in Al (Trust in Al) takes on particular importance, as it reflects the belief that an Al system is
reliable, safe, and predictable, and operates in a manner consistent with users’ values and interests. Trust can,
therefore, serve as a critical mechanism through which perceptions of AT’s ethical operation are transformed into a
positive or negative intention to use Al.
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Exploring these relationships is of particular interest to the student population, which is coming into increasingly
frequent contact with Al applications in the context of their studies and daily lives (Karachristos et al., 2026).
Understanding the factors that shape trust and intention to use can contribute to the creation of a responsible
framework for integrating Al into higher education.

From this perspective, the present study examines the relationships between the six-core Al Ethical Dimensions—
Human Rights, Autonomy, Bias, Fairness, Transparency, and Safety—Trust in Al, and Intention to Use Al, utilizing
the Partial Least Squares Structural Equation Modeling (PLS-SEM) method. The aim is to investigate, on the one
hand, the extent to which the ethical dimensions of Al shape students’ trust and, on the other hand, the extent to
which this trust influences their intention to use Al systems and applications.

2. Theoretical Framework

The Al Ethical Dimensions constitute a multidimensional framework for evaluating the responsible development
and use of Al. This study examines six key dimensions: Human Rights, Autonomy, Bias, Fairness, Transparency,
and Safety. These dimensions may influence how users perceive the reliability of Al systems, shaping Trust in Al
and, through it, the Intention to Use Al. Their theoretical exploration therefore forms the basis for the development
and empirical testing of the proposed PLS-SEM model.

2.1 Human Rights

The rapid development and widespread integration of Al into critical areas of social, economic, and political life
make the protection of human rights a fundamental aspect of contemporary technological governance. Although Al
creates significant opportunities for economic and social development and can improve the effectiveness of
decision-making processes, certain applications of Al may negatively affect individuals or social groups and
jeopardize fundamental rights (Mantelero & Esposito, 2021). The use of Al therefore requires appropriate
safeguards to ensure that technological progress does not undermine human dignity, autonomy, freedom, and
equality.

Human rights can serve as a normative link between ethics and law. Hogan and Lasek-Markey (2024) argue that
human rights frameworks serve as a common point of reference for the two fields and can contribute to the
development of a legal governance of the TN grounded in ethical principles. Similarly, Yeung et al. (2020) view
the international human rights framework as a robust set of normative standards capable of guiding the design,
development, and implementation of Al toward a responsible and human-centered direction. Consequently, the
protection of human rights is not an external constraint on innovation, but a principle that must be integrated
throughout the entire lifecycle of Al systems.

This need is reinforced by the range of risks associated with Al applications, such as violations of privacy and
personal data, algorithmic bias and discrimination, security issues, the unequal distribution of social and economic
benefits, and the potential impacts on political participation and democratic processes (Stahl et al., 2023).
Particularly critical is the risk that algorithmic systems will reproduce or reinforce existing social inequalities,
presenting the relevant decisions as seemingly neutral and objective.

A prime example is algorithmic and predictive policing. The combined use of Al, biometric technologies, facial
and voice recognition systems, GPS, mobile devices, cameras, and social media data significantly increases the
potential for systematic surveillance. The widespread adoption of such practices can restrict privacy, self-
determination, and free will, and may also affect the exercise of fundamental freedoms, such as the right of assembly
and association, while raising broader concerns about the quality of democracy (Kanelos, pp. 226-236).

Similar challenges are found on social media, where algorithms are not limited to personalizing content but also
influence the visibility, categorization, and participation of users in the digital public sphere. Algorithmic mediation
can affect the organization of collective actions and the effective exercise of the right to assembly, while at the same
time it can lead to the exclusion or unequal treatment of vulnerable social groups, such as minorities, people with
disabilities, and people of lower socioeconomic status (Panagopoulou-Koutnatzi, 2023, p. 105).

Consequently, the relationship between Al and human rights goes beyond addressing individual technological risks
and concerns the establishment of a human-centered model of Al governance, in which dignity, autonomy, privacy,
equality, non-discrimination, and democratic freedoms are fundamental prerequisites for the design and socially
acceptable use of technology.
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A shift is therefore required from ex post protection of rights to their extant integration into the design, development,
evaluation, and implementation of Al systems (Yeung et al., 2020; Stahl et al., 2023; Hogan & Lasek-Markey,
2024). In this way, technological innovation can be combined with ethical and legal responsibility, keeping humans
and their fundamental rights at the center of the digital transition.

2.2 Autonomy

Human autonomy is a multidimensional concept linked to an individual’s ability to self-determine and shape their
life and choices in accordance with their personal values, beliefs, and aspirations. The concept has evolved
historically from the self-governance of ancient Greek political thought and Kantian moral autonomy to
contemporary forms of personal, political, scientific, and clinical autonomy (Colburn, 2022). Despite the different
theoretical approaches, a central element remains the human capacity to act as an agent of conscious and meaningful
choices rather than as a passive recipient of externally imposed.

The development of Artificial Intelligence brings autonomy back to the center of the ethical dialogue, as Al systems
no longer function merely as auxiliary tools but mediate, support, or automate human decisions. The relationship
between humans and Al thus exhibits a dual dynamic: technology can expand options, offer personalized support,
and enhance decision-making, but at the same time it can lead to manipulation, surveillance, dependence, and the
restriction of independent judgment (Catena, 2026). The critical issue, therefore, concerns the conditions under
which technological mediation enhances or restricts human autonomy.

Of particular importance is the distinction between human autonomy and the functional autonomy of Al systems.
These systems are considered autonomous when they can process information and generate decisions or actions
without continuous human intervention. Although functional autonomy can increase efficiency and safety, it is not
sufficient as a criterion for acceptance when automated decisions directly affect people’s lives, rights, or
opportunities. In such cases, clear limits on automation, human oversight, and a genuine ability to intervene are
required (Council of Europe, 2019).

Autonomy is also shaped within a broader sociotechnical environment and is linked to the development of human
potential, social recognition, self-respect, and the ability to act independently (Laitinen & Sahlgren, 2021).
Manipulation, coercion, lack of transparency, and social or political forms of oppression can substantially limit
autonomy (Rubel et al., 2021), making it necessary to evaluate Al within the social, cultural, and institutional
context in which it is used (Calvo et al., 2020).

At the same time, autonomy depends on actual access to social, material, and economic resources. As algorithmic
systems now influence decisions related to education, work, the economy, social protection, and health, they can
determine not only individuals’ decisions but also the range of options available to them. O’Neil (2016) points out
that algorithmic decision-making can reproduce and reinforce existing social inequalities. Therefore, when access
to opportunities and resources depends on opaque algorithmic processes, not only is fairness jeopardized, but so is
the meaningful exercise of autonomy.

This issue takes on particular significance in the field of health care, where autonomy is a fundamental principle of
bioethics. Patient autonomy refers to a patient’s ability and right to make decisions about their health and care in
accordance with their personal values and preferences (Beil et al., 2019). Exercising this autonomy requires a
voluntary and informed choice, adequate information, and the absence of coercion (Beauchamp & Childress, 2001).
The introduction of Al into diagnosis, prognosis, and therapeutic decision-making complicates this relationship,
particularly when the models are characterized by limited transparency and interpretability.

The opacity of algorithmic recommendations can limit understanding of the reasons behind a medical decision and,
consequently, undermine informed consent. At the same time, overreliance on automated systems can limit both
the patient’s active role and the physician’s professional judgment, thereby affecting shared decision-making (Grote
& Berens, 2020).

Consequently, the relationship between Al and autonomy should not be viewed as a simple conflict between humans
and automation. Al can enhance human self-determination when transparency, informed consent, genuine choice,
and human oversight are ensured. Conversely, when technological mediation manipulates choices, limits
understanding, reproduces social inequalities, or shifts substantive decisions from humans to the system, it can
undermine autonomy. The goal, therefore, is a complementary relationship between human and technological
capabilities, in which the functional autonomy of Al remains oriented toward protecting and enhancing human
autonomy.
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2.3 Bias

Algorithmic bias is one of the most significant ethical challenges facing Al. It does not concern the algorithm alone
but can arise at different stages of a system’s life cycle: in the training data, in design and modeling choices, in the
learning process, and in the social context of its application (Ching et al., 2018; Danks, 2017). Furthermore, it can
be maintained or reinforced during the operation and adaptation of systems, a fact that refutes the notion that
automated decision-making is inherently neutral or objective (Howard & Borenstein, 2018; Murphy et al., 2021).
The more automated decisions are integrated into critical social functions, the more pronounced the consequences
of algorithmic bias become (Ferrier, 2021).

Training data is a central source of bias. Large datasets are not socially neutral, as they may embed historical
inequalities, stereotypes, and biases related to gender, race, ethnicity, religion, political beliefs, or vulnerable social
groups (Zhuo et al., 2023). When machine learning models are trained on such data, there is a risk that they will
reproduce or reinforce these inequalities, transforming them into predictive patterns and automated decisions.

Danks (2017) identifies three main levels at which bias can occur: modeling, training, and deployment. During
modeling, the selection of variables, objectives, and criteria can introduce new forms of bias. During training, non-
representative or historically biased data can lead to corresponding patterns. Finally, during deployment, a model
developed for a specific population may produce problematic results when applied to different social groups.
Consequently, bias must be assessed throughout the entire life cycle of the system and not just in the final result.

Of particular importance is the potential for machine learning to reinforce existing biases. Yuste et al. (2017) and
Verghese et al. (2018) point out that through repeated algorithmic processing, certain biases can gain
disproportionately greater weight. Thus, a model based on a limited or non-representative set of social
representations may favor certain groups and disadvantage others, causing substantial harm (Yuste et al., 2017).

The consequences of bias become particularly serious when Al is involved in decisions that determine access to
social goods and opportunities. Such applications are found in hiring, education, healthcare, banking, credit
granting, and the justice system. In these fields, algorithmic bias can lead to unequal treatment based on gender,
disability, ethnic origin, or social vulnerability, transforming a technical problem into an issue of social justice and
fundamental rights (Bormila, 2021). Similarly, the underrepresentation of minority groups in the data can lead to
lower accuracy and less favorable decisions for their members (Russell, 2021).

From this perspective, bias is directly linked to fairness (fairness). The absence of discriminatory intent on the part
of designers does not guarantee that a system’s outcomes are fair. A model may seemingly apply the same criteria
to everyone and yet systematically produce less favorable outcomes for specific social groups. Assessing fairness
therefore requires examining both the technical functioning and the social distribution of benefits, risks, and
burdens. The perpetuation of inequalities related to gender, ethnic origin, or social class can lead to new forms of
exclusion and rights violations (Panagopoulou-Koutnatzi, 2023, p. 137; Weidinger et al., 2021).

Bias also manifests in natural language processing (NLP) systems and word embedding techniques. Training models
on large volumes of linguistic data obtained from the Internet and social media may result in the incorporation and
reproduction of stereotypical and negative social associations. Kanellos (2020, pp. 278-279) points out that such
techniques can embed biases related to social class, religious beliefs, racial groups, or age. A representative example
concerns algorithmic recruitment and personnel-selection processes in the United States, where certain
characteristics could lead to the exclusion of applicants with names perceived as being of foreign origin (Kanellos,
2020, pp. 278-279).

Similar challenges arise in social media environments, where Al systems influence the selection, ranking, and
dissemination of content. The algorithmic amplification of content associated with racism, xenophobia,
homophobia, or other forms of social hostility may contribute to the marginalization of vulnerable groups, increased
polarization, and the disruption of social cohesion and democratic dialogue (Anastasiadou, 2026a). Bias therefore
acquires a collective and societal dimension, as its consequences extend beyond individual users and may contribute
to reshaping broader social relations and reinforcing existing inequalities.

Consequently, algorithmic bias should not be regarded merely as a problem of data quality or technical performance;
rather, it constitutes a broader sociotechnical and normative challenge.

25



www.ijessnet.com International Journal of Education and Social Science Vol. 13 No. 3; October 2026

Addressing it requires the use of representative datasets, continuous assessment of algorithmic outcomes across
different social groups, transparency, accountability, and meaningful opportunities for human intervention and
oversight. Above all, it requires a shift from the assumption of algorithmic neutrality toward an explicit commitment
to algorithmic fairness and justice.

This requirement is ultimately connected to the principle of human dignity. Given that moral autonomy lies at the
core of human dignity (Tsinorema, 2018), individuals cannot be treated merely as collections of data points or as
objects of statistical classification. Technological efficiency, therefore, cannot constitute the sole criterion for
evaluating an Al system. Equality, non-discrimination, individual freedom, and fundamental rights must be
incorporated as integral principles into both the design and implementation of Al systems.

The fundamental challenge is not simply to develop algorithms that exhibit lower levels of bias, but to create Al
systems that do not transform the social inequalities of the past into the automated inequalities of the future. From
this perspective, addressing algorithmic bias becomes not only a technical objective but also an ethical and societal
imperative, requiring Al development to remain firmly aligned with human dignity, equality, justice, and the
protection of fundamental rights.

2.4 Fairness

Justice and fairness constitute fundamental principles in the ethical development and deployment of Artificial
Intelligence, as they concern the equitable distribution of the benefits, opportunities, risks, and burdens arising from
the use of algorithmic systems (Li et al., 2023). Fairness is not limited to the absence of explicit discrimination;
rather, it requires that algorithmic decisions do not systematically create advantages or disadvantages for particular
social groups. Characteristics such as gender and ethnic or racial background are of particular importance, as
algorithmic systems have been shown to produce differentiated outcomes on the basis of such factors (Grote &
Berens, 2020; Ahmad et al., 2020).

Fairness is closely related to bias, although the two concepts are not synonymous. Bias refers to the mechanisms
through which distortions, prejudices, or unrepresentative patterns enter datasets and computational models,
whereas fairness concerns the broader question of whether the decisions and consequences generated by a system
are distributed equitably across different individuals and groups. Accordingly, bias represents a major source of
algorithmic unfairness, but its elimination does not automatically guarantee fair outcomes.

An Al model may demonstrate high overall accuracy while simultaneously exhibiting different error rates or
producing disproportionately adverse consequences for particular population groups. Thus, evaluating fairness
requires moving beyond aggregate measures of predictive performance and examining how algorithmic outcomes
are distributed across relevant demographic and social groups. From this perspective, fairness is not merely a
technical property of an algorithm but a multidimensional ethical principle that concerns the social consequences
of Al-assisted decision-making and its implications for equality and non-discrimination.

This dimension is particularly important in the field of healthcare, where algorithmic fairness is directly linked to
equitable access to diagnosis, treatment, and the allocation of healthcare resources. Health data are not collected
with the same degree of completeness across all social groups, as socioeconomic inequalities, geographical
constraints, unequal access to healthcare services, and the limited participation of certain populations in medical
research can lead to unequal representation. When such data are used to train machine learning models, pre-existing
inequalities may be transferred into the Al system itself and re-emerge in the form of differences in accuracy or
decision quality (Jiang et al., 2021).

Algorithmic unfairness, therefore, does not always arise from technical errors but may reflect deeper social
inequalities. When socially or economically vulnerable groups have more limited access to diagnostic testing and
healthcare services, fewer data are generated for these populations. In contrast, populations with greater access to
healthcare services are more extensively represented in datasets. The use of such unevenly distributed information
may result in systems that perform more effectively for populations that are already better represented, thereby
creating a mechanism through which existing inequalities are reproduced and reinforced.

A characteristic example is minority bias. As Rajkomar et al. (2018) point out, when minority groups are represented
by only a small number of cases in training data, models may struggle to identify the patterns characterizing these
groups with sufficient accuracy. Underrepresentation may therefore result in lower predictive performance for
groups that are already more vulnerable to social and health inequalities.
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Fairness thus also acquires a clear statistical dimension, as the overall performance of a model is not sufficient; it
is necessary to examine whether its accuracy, errors, and impacts are equitably distributed across different
subgroups.

Missing data bias is of similar importance and occurs when the absence of data is not random but is associated with
social, economic, or geographical factors. Individuals living in remote areas or having limited access to healthcare
services may have a smaller digital footprint. The absence of data, therefore, does not imply the absence of
healthcare needs or health problems; rather, it may indicate unequal access to care. If this dimension is not taken
into account, Al systems may generate inaccurate or unfair predictions. At the same time, selection bias occurs
when the data selection process fails to ensure the representative participation of different population groups (Raj-
komar et al., 2018).

Fairness, however, does not depend solely on the quality and representativeness of the data. The complexity of
algorithmic models and the limited understanding of how their decisions are generated create additional challenges
(Vellido, 2019). When it is unclear which features influenced a decision and in what way, it becomes more difficult
to determine whether particular groups are systematically subjected to less favorable treatment. For this reason,
transparency and interpretability are directly linked to fairness.

At the same time, data representativeness is not merely a methodological requirement but also an ethical prerequi-
site. A model’s ability to generalize reliably depends on the extent to which the training data reflect the actual
heterogeneity of the population to which it is applied (Yeng et al., 2019). Therefore, the fair operation of an Al
system requires not only large volumes of data but also appropriate levels of data quality, completeness, and repre-
sentation of different social groups.

Fairness, therefore, cannot be treated as a technical correction applied retrospectively. Ahmad et al. (2020) point
out that fairness-related issues may arise throughout the entire processing pipeline, from system design and data
selection to training, processing, the representation of results, and their use in decision-making. Ensuring fairness
should therefore constitute a cross-cutting principle throughout the entire lifecycle of an Al system.

From this perspective, algorithmic fairness encompasses three interconnected levels: the quality and
representativeness of data, the fairness of algorithmic processes, and the fairness of social outcomes. A technically
accurate system cannot be considered ethically adequate when its errors, risks, or adverse consequences
disproportionately affect particular social groups or populations that are already vulnerable.

The fundamental objective of fairness in Al is, therefore, to move beyond merely equal algorithmic treatment toward
fair and substantively equitable treatment, taking into account the different social conditions, needs, and
vulnerabilities of the populations to which Al systems are applied.

2.5 Transparency

Transparency constitutes one of the fundamental principles of the ethical and responsible development of Artificial
Intelligence systems, as it is directly associated with the ability of users and stakeholders to understand how these
systems operate and the processes through which their decisions are generated (Floridi et al., 2018; Frost et al.,
2022). Its importance becomes even greater in the context of big data and machine learning, where the complexity
of models and the volume of information being processed create significant challenges regarding the ability to
monitor and understand algorithmic processes (Bertino et al., 2019).

Data transparency is a critical prerequisite for the ethically responsible use of data (Bertino et al., 2019). This
requirement also has a clear legal dimension, as, according to Article 5(1) of the GDPR, data subjects must be
informed about the collection and processing of their personal data by the data controller (Panagopoulou-Koutnatzi,
2023, p. 167). Transparency, therefore, is not limited to the technical operation of an algorithm but also encompasses
the provision of adequate information regarding the data being used, the purpose of their processing, and the
potential consequences for individuals.

In the context of Al, transparency refers to providing users and stakeholders with access to sufficient information
concerning the structure, operation, and decision-making processes of a system. For this reason, it is considered a
fundamental prerequisite for the development of trustworthy Al (Balasubramaniam et al., 2023). According to
Radanliev (2025), transparency enables stakeholders to better understand how Al systems operate and,
consequently, to evaluate their decisions and the resulting consequences.
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Transparency is directly linked to Al governance and to the development of trust in the way machine learning
algorithms generate decisions across different scientific and social domains (Balasubramaniam et al., 2023). At the
same time, the ability to understand algorithmic decisions strengthens accountability, as it makes it possible to
identify the factors that led to a particular outcome and to assign responsibility when that outcome is problematic
or unfair (Radanliev, 2025).

The central role of transparency is also confirmed by international ethical guidelines for Al. Recognized expert
groups have emphasized the need for Al systems to operate in a sufficiently understandable and well-documented
manner, enabling users and stakeholders affected by their decisions to evaluate their functioning and consequences
(Balasubramaniam et al., 2023). Transparency, therefore, constitutes a fundamental characteristic of responsible
and human-centered Al rather than merely a technical property of the system.

This need is particularly pronounced in high-risk domains, such as healthcare, judicial practice, and banking trans-
actions, where algorithmic decisions may have direct and significant consequences for individuals’ lives, rights,
and opportunities. In such contexts, the ability to understand how an algorithmic decision is reached constitutes a
fundamental prerequisite for assessing its accuracy, fairness, and legality.

A particular challenge is posed by so-called “black-box™ systems, in which the internal decision-making process is
not easily understandable, even by experts. The limited transparency of such systems makes it difficult to identify
errors, biases, or unfair decisions and may constrain accountability. For this reason, the requirement to make the
operation of black-box algorithms more transparent and interpretable constitutes a central issue in the ethical and
responsible development of Al (Haresamudram et al., 2023).

Consequently, transparency should not be understood solely as the disclosure of technical information about an
algorithm. Rather, it constitutes a broader principle that encompasses user information, personal data protection,
understanding of algorithmic decisions, the capacity for oversight, and accountability. From this perspective, the
greater the perceived transparency of an Al system, the stronger the conditions for evaluating its trustworthiness
and, consequently, for developing trust in Al.

2.6 Safety

Artificial Intelligence (Al) is bringing about significant transformations across multiple dimensions of human
activity, while simultaneously raising critical challenges concerning the safety and ethics of its development and
use (Salhab et al., 2024). Al Safety concerns the development and operation of systems in a reliable, controllable,
and robust manner against errors, failures, malicious interventions, and other potential risks. Its key dimensions
include explainability and interpretability, model reliability and robustness, the mitigation of bias, and protection
against adversarial or malicious attacks (adversarial attacks) that may compromise the proper functioning of Al
systems (Salhab et al., 2024).

Al Safety has emerged as a particularly important field of scientific research, as the rapid development and
expanding applications of Al are accompanied by complex and interconnected risks that require systematic
investigation and effective mechanisms for prevention and control (Rudner & Toner, 2021). Safety, therefore, is
not limited to preventing technical failures but more broadly concerns the ability of Al systems to operate in a
predictable and reliable manner without creating unacceptable risks for users and society.

Data protection constitutes a critical dimension of safety, particularly in applications that process large volumes of
personal and sensitive information. This issue becomes even more important in healthcare, where Al systems and
machine learning algorithms are often trained on extensive patient datasets. Protecting such information is an
essential prerequisite for the safe and socially acceptable use of Al in healthcare (Murphy et al., 2021).

At the same time, Al systems are vulnerable to cyberattacks, making the development of robust cybersecurity
mechanisms necessary, particularly when health data are involved. Unauthorized access to, alteration of, or theft of
medical records may violate patient privacy, undermine data reliability, and, in certain cases, even affect the safety
of clinical care. Effective cybersecurity systems are therefore essential for protecting the confidentiality, integrity,
and secure management of information (Puri & Gochhait, 2023).
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Within this context, Goel et al. (2021) identify three fundamental security principles: confidentiality, integrity, and
availability. Confidentiality refers to ensuring that data are accessible exclusively to authorized individuals;
integrity concerns protecting data against unauthorized modification or deletion; and availability refers to ensuring
that information remains accessible to legitimate users whenever required. These principles constitute fundamental
prerequisites for the secure management of data in Al environments.

The importance of these principles extends throughout the entire data lifecycle, from data creation and collection
to storage, processing, reuse, and final destruction (Kousouni-Pantazopoulou, 2022, p. 45). The reuse of data and
computational resources may create confidentiality risks, while unauthorized modification or deletion may
compromise data integrity. Similarly, the inability to access data in a timely manner may create availability
problems even when the information is protected through encryption. These risks may also be associated with issues
concerning the protection of intellectual property (Kousouni-Pantazopoulou, 2022, p. 45).

Effective Al safety therefore requires an approach that encompasses the entire lifecycle of Al systems rather than
focusing solely on their final deployment. Wang et al. (2024) emphasize the need to develop appropriate security
mechanisms and architectures, as well as procedures for monitoring all stages of the development and operation of
algorithms and their different use cases. At the same time, an appropriate legislative and regulatory framework is
required so that technical safety safeguards are accompanied by clear institutional requirements and accountability
mechanisms.

Consequently, Al Safety constitutes a multidimensional ethical and technological requirement that integrates
system reliability and robustness, protection against cyber threats, secure data management, and the prevention of
potential harm (Anastasiadou, 2026a;2026b;2026c¢). H). An Al system cannot be considered responsible merely
because it is technically effective; it must also operate in a safe, predictable, and controllable manner throughout its
entire lifecycle. From this perspective, perceived safety constitutes a critical prerequisite for Al acceptance, as users’
belief that a system protects their data, mitigates risks, and operates reliably may substantially strengthen trust in
Al

2.7 Research Gap

Despite the rapid growth of literature on the acceptance and use of Artificial Intelligence in education, a substantial
proportion of existing research has focused primarily on traditional determinants of technology acceptance, such as
perceived usefulness, ease of use, effectiveness, performance, and adoption intention. In contrast, the role of users’
ethical perceptions as determinants of trust and intention to use Al has been investigated less systematically.

More specifically, critical dimensions of Al Ethics, such as Human Rights, Autonomy, Bias, Fairness, Transpar-
ency, and Safety, are often examined separately or predominantly at theoretical and normative levels. Consequently,
empirical research investigating their simultaneous effects within an integrated structural model that connects Al
ethical principles with behavioral acceptance remains limited.

At the same time, the role of Trust in Al as an intermediate mechanism between ethical perceptions and intention
to use Al has not been sufficiently investigated. The critical question is not only whether users perceive Al as useful
and effective, but also whether their perception that an Al system is safe, fair, transparent, free from bias, and
compatible with human autonomy and fundamental rights shapes their trust and, through that trust, their intention
to use it.

This research gap is particularly significant in Higher Education, where the rapid expansion of generative Al has
substantially transformed the ways in which students search for information, learn, and complete academic assign-
ments, while the ethical and social implications associated with its use continue to be investigated.

There is, therefore, a need to develop an integrated empirical model that links Al Ethical Dimensions with the
conceptual constructs of Trust in Al and Intention to Use Al, and identifies which specific ethical dimensions con-
tribute most strongly to the development of trust and, consequently, to students’ intention to use Al

2.8 Novelty of Research

The main novelty of the present study lies in the development of an ethically oriented and human-centered model
of Artificial Intelligence acceptance. In contrast to traditional technology acceptance approaches, which primarily
focus on usefulness, ease of use, and effectiveness, the present study examines Al acceptance through the ethical
evaluation of Al systems and the trust that such an evaluation may generate.
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More specifically, the novelty of the study lies in the simultaneous integration of six key dimensions of Al Ethics,
namely Human Rights, Autonomy, Bias, Fairness, Transparency, and Safety, within a single structural model. In
this way, the ethical dimensions are not examined in isolation but as distinct yet complementary components of
students’ overall perceptions of the responsible functioning of AL

At the same time, Trust in Al is not treated merely as another independent variable, but as a central mechanism
linking the ethical evaluation of Al systems to behavioral intention to use Al. This approach makes it possible to
investigate not only whether ethical perceptions influence trust, but also whether trust functions as the mechanism
through which these perceptions are translated into intention to use Al.

Furthermore, the study seeks to determine which of the individual ethical dimensions exerts the strongest relative
effect on Trust in Al. Identifying, for example, Safety as a particularly strong determinant could provide a more
differentiated understanding of the criteria on the basis of which students evaluate and develop trust in Al systems.
Finally, the application of Partial Least Squares Structural Equation Modeling (PLS-SEM) enables the simultaneous
assessment of the measurement and structural models, as well as the comparison of the relative strength of the
individual relationships within the proposed model.

The proposed approach therefore shifts the research focus from the traditional pathway of Perceived Usefulness —
Technology Acceptance toward a more human-centered model: Al Ethical Dimensions — Trust in AT — Intention
to Use Al.

This shift constitutes a central element of the study’s novelty, as it conceptualizes Al acceptance not merely as a
technological choice, but as the outcome of a preceding process of ethical evaluation and trust formation.

2.9. Significance of the Research

The significance of the present study extends across theoretical, empirical, methodological, and practical dimen-
sions. At the theoretical level, the study brings together two fields that are often examined separately: Artificial
Intelligence ethics and technology acceptance. In doing so, it supports a broader perspective according to which Al
adoption is not exclusively a decision based on usefulness and effectiveness, but also a process involving ethical
evaluation, the formation of risk perceptions, and the development of trust.

At the empirical level, the study makes it possible to determine whether the different ethical dimensions have equal
or varying levels of importance in shaping Trust in Al. The potential identification of Safety as the strongest deter-
minant may indicate that students attach particular importance to whether an Al system is perceived as safe, con-
trollable, and reliable. In this way, the study can provide a more nuanced understanding of the ethical factors un-
derlying trust in and acceptance of Al.

At the methodological level, the use of Partial Least Squares Structural Equation Modeling (PLS-SEM) enables the
simultaneous estimation of a complex model involving multiple latent variables, the assessment of the reliability
and validity of the conceptual constructs, and the investigation of both direct and potentially indirect effects among
them. Furthermore, it provides the opportunity to compare the relative strength of the different ethical dimensions
in shaping trust.

At the practical level, the findings can be utilized by universities, educators, educational policymakers, and Al
application developers to formulate strategies for the responsible integration of Al into Higher Education. The ef-
fective adoption of Al systems should not focus exclusively on their technological capabilities but should also
involve creating conditions that promote safety, transparency, fairness, the protection of autonomy and human
rights, and, ultimately, trust.

Consequently, the study shifts the research focus from the simple question, “Will students use AI? ”, toward a deeper
and more human-centered question: “Under what ethical conditions do students trust Al, and how does this trust
translate into their intention to use it? ” Addressing this question can make a substantial contribution to the devel-
opment of a model for the responsible, trustworthy, and human-centered adoption of Al in Higher Education.

3. Methodology
3.1 Research Instrument

The instrument entitled “Human Rights, Autonomy, Bias, Fairness, Transparency, Safety, and AI” was developed
by the author and consists of 29 items organized into six conceptual constructs.
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The initial instrument had 68 items organized into six conceptual constructs. Ina the present study we kept only
those items with the most significant items.

Thus, the first conceptual construct, Human Rights, comprises 3 items (e.g., Hurl: Al algorithms, through social
media platforms, allow the dissemination of homophobic biases). The second construct, Autonomy, consists of 3
items (e.g., Autl: Machine learning algorithms do not undermine human autonomy). The third construct, Bias,
comprises 6 items (e.g., Biasl: There are issues of bias in Al). The fourth construct, Fairness, consists of 4 items
(e.g., Fair3: Neural networks used for text representation reproduce social stereotypes).

The fifth conceptual construct, Transparency, comprises 7 items (e.g., Tran2: There are issues related to a lack of
transparency regarding who works behind social media platforms). Finally, the sixth conceptual construct, Safety,
consists of 6 items (e.g., Secl: Al technologies are vulnerable to cyberattacks).

Two more conceptual constructs named “Trust in AI” and “Behavioral Intention to Use AI” (InU) were used for
the purpose of the study. The conceptual construct “Trust in AI” consists of 3 items (Trust1-Trust3), capturing three
complementary aspects of trust: reliability, competence/accuracy, and confidence/reliance.

The first item, Trustl (I trust Al systems to provide reliable results), measures Reliability. More specifically, it
assesses the extent to which users believe that Al systems generate results that can be trusted, focusing on the
consistency and reliability of Al-generated outcomes.

The second item, Trust2 (I trust Al systems to perform their intended functions accurately), measures the perceived
Competence/Accuracy of Al systems. More specifically, it captures the belief that an Al system is technically
capable of performing its intended functions correctly and accurately. Thus, this item reflects the perceived technical
competence of the system.

The third item, Trust3 (I feel confident relying on Al systems when | use them), refers to Confidence/Reliance. More
specifically, it assesses the extent to which trust translates into users’ willingness to rely on Al It concerns not only
the belief that the system performs effectively but also the extent to which users feel confident relying on its output.
Finally, the conceptual construct “Behavioral Intention to Use AI” (InU;) consists of 6 items (InUi) (e.g., InU2: |
intend to use Al in my studies as often as needed). Based on InUl-InUS6, this conceptual construct reflects
individuals’ behavioral intention to use, continue using, and recommend the use of Artificial Intelligence both in
their studies and in their daily lives.

The conceptual construct “Behavioral Intention to Use AI” (InU;) refers to the extent to which individuals intend to
use, continue using, and increase their use of Al applications in the future, both within academic contexts and in
their broader everyday lives. The construct initially encompasses the intention to use Al directly and systematically
for academic purposes. InU1 and InU2 examine the extent to which users plan to use Al during their studies and
how often they consider it necessary. These items therefore capture users’ intention to integrate Al into their routine
academic activities. At the same time, InU3 and InU4 broaden the concept of behavioral intention by incorporating
users’ intention to recommend Al to others, such as fellow students and relatives. This dimension reflects not only
users’ personal acceptance of the technology but also their willingness to encourage its adoption within their social
environment. InU5 captures the intention to continue and increase the future use of Al technology. More
specifically, it reflects the extent to which users intend to expand their use of Al and remain motivated to choose
Al technologies over alternative technological solutions. Finally, InU6 reflects the intention to integrate Al into
everyday life, thereby extending the construct beyond the strict academic context.

Overall, Behavioral Intention to Use Al refers to an individual’s willingness and planned commitment to use, con-
tinue using, and increase the use of Al technologies in academic and everyday activities, as well as their willingness
to recommend the use of Al to others.

3.2 Statistical Methodology

Partial Least Squares Structural Equation Modeling (PLS-SEM) was employed to analyze the proposed research
model and assess the relationships among the latent constructs. PLS-SEM is a variance-based structural equation
modeling technique that enables the simultaneous estimation of complex relationships between observed indicators
and latent variables, as well as among the latent constructs themselves. The analytical procedure was conducted in
two consecutive stages.
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In the first stage, the measurement model was evaluated to assess the reliability and validity of the constructs.
Specifically, indicator reliability and internal consistency reliability were examined, followed by the assessment of
convergent and discriminant validity. These procedures were performed to ensure that the measurement scales
adequately represented their respective latent constructs before proceeding to the evaluation of hypothesized
relationships.

In the second stage, the structural model was assessed to examine the magnitude, direction, and statistical
significance of the hypothesized relationships among the constructs. The evaluation focused on the estimated path
coefficients and the model’s explanatory and predictive capabilities. This stage provided the empirical basis for
testing the proposed research hypotheses and determining the extent to which the exogenous constructs explained
variation in the endogenous constructs.

PLS-SEM was selected because it is particularly suitable for prediction-oriented research and for investigating
models involving multiple latent constructs and simultaneous relationships. Moreover, it provides a flexible
analytical framework when the primary objective is to estimate the effects of predictor constructs on endogenous
variables. Nevertheless, although PLS-SEM effectively captures the specified structural relationships, complex
patterns of concurrent or alternative causality among variables should be interpreted with appropriate caution
(Rasoolimanesh, et al., 2021).

3.3 Statistical Hypotheses

Based on the theoretical framework and the proposed structural model, the following null hypotheses (Ho) are for-
mulated:

Hoi: Perceived protection of and respect for Human Rights by Artificial Intelligence systems has no statistically
significant effect on Trust in Al (Human Rights — Trust in Al).

Ho2: Perceived Autonomy has no statistically significant effect on Trust in Al (Autonomy — Trust in Al).

Hos: Perceived Bias in Al systems has no statistically significant effect on Trust in Al (Bias — Trust in Al).

Hoa: Perceived Fairness of Al systems has no statistically significant effect on Trust in Al (Fairness — Trust in
Al).

Hos: Perceived Transparency of Al systems has no statistically significant effect on Trust in Al (Transparency —
Trust in Al).

Hos: Perceived Safety of Al systems has no statistically significant effect on Trust in Al (Safety — Trust in Al).
Ho7: Trust in Al has no statistically significant effect on Intention to Use Al (Trust in AI — Intention to Use Al).
Hos: Trust in AT does not significantly mediate the relationship between perceived Safety and Intention to Use Al
(Safety — Trust in AT — Intention to Use Al).

3.4 Participants

The study of a pilot sample consisted of 111 participants, of whom 41 (36.9%) were women and 70 (63.1%) were
men. Regarding the age of the respondents, 57 (51.4%) were between 18 and 20 years old, 27 (24.3%) were between
20 and 22 years old, 13 (11.7%) were between 22 and 24 years old, and finally, 14 (12.6%) were over 24 years old.
Regarding place of residence, 86 of the 111 respondents, or 77.5%, reported living in an urban area, 22 (19.8%) in
a semi-urban area, and finally, 3 (2.7%) in a rural area.

Regarding their school of study, 69 (62.2%) were from the School of Engineering, 30 (27%) were from the School
of Natural Sciences, 7 (6.3%) were from the School of Health Sciences, 3 (2.7%) were from the School of
Economics and Social Sciences, and finally, 2 (1.8%) were from the Schools of Humanities.

Regarding their year of study, 42 (37.8%) were in their first year, 26 (23.4%) were in their second year, 36 (23.4%)
were in their third year, 13 (11.7%) were in their fourth year, 7 (6.3%) were in their fifth year, 7 (6.3%) were in
their sixth year, 2 (1.8%) were pursuing a bachelor’s degree, and 3 (2.7%) were enrolled in a master’s or doctoral
program.

4. Results
4.1 PLS-SEM Measurement Model

The PLS-SEM Measurement Model (Figure 1) presents and evaluates the quality of the latent constructs included
in the proposed model. The assessment of the measurement model focuses on four key criteria: indicator reliability,
internal consistency reliability, convergent validity, and discriminant validity.
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These criteria are examined in the following sections to establish the reliability and validity of the measurement
model before proceeding with the evaluation of the structural model.
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Figure 1: PLS-SEM Measurement Model

The evaluation of the measurement model is conducted prior to examining the structural relationships among the
latent variables. More specifically, the internal consistency of the scales is assessed using Cronbach’s a and
Composite Reliability (CR), convergent validity is evaluated through the Average Variance Extracted (AVE)
(Anastasiadou & Anastasiadis, 2019), and discriminant validity is examined using the HTMT criterion.

The Cronbach’s o values indicated satisfactory internal consistency for most of the latent variables (Anastasiadou,
2011;2019; Thapa et al., 2016; Taraza & Anastasiadou, 2019). More specifically, the Human Rights (a = 0.756),
Transparency (o = 0.880), Safety (o = 0.825), Trust in Al (o = 0.837), and Intention to Use Al (a = 0.777) scales
demonstrated acceptable to very good reliability levels. Fairness showed marginally acceptable reliability (a =
0.699), while lower values were observed for Autonomy (o = 0.696) and particularly for Bias (a = 0.689) (Table
1).

Composite Reliability was generally satisfactory. The values were 0.860 for Human Rights, 0.789 for Autonomy,
0.751 for Bias, 0.810 for Fairness, 0.913 for Transparency, 0.878 for Safety, 0.902 for Trust in Al, and 0.844 for
Intention to Use Al. Since most values exceed the recommended threshold of 0.70, it can be concluded that the
majority of the constructs demonstrate adequate internal consistency. Particularly high reliability was observed for
the Transparency, Safety, and Trust in Al constructs (Table 1).

Regarding convergent validity, the AVE values were above the recommended threshold of 0.50 for most of the
variables. Specifically, AVE values of 0.672 for Human Rights, 0.554 for Autonomy, 0.517 for Fairness, 0.601 for
Transparency, 0.548 for Safety, and 0.755 for Trust in Al were recorded (Table 1). These findings indicate that the
corresponding latent variables explain more than 50% of the variance in their respective indicators.

Table 1. Reliability and Validity of the Measurement Model

Cronbach's alpha Composite reliability Average V?Xfpg extracted
AYTONOMY 0.696 0.789 0.554
BIAS 0.689 0.751 0.435
FAIRENESS 0.699 0.810 0.517
HUMAN RIGHTS 0.756 0.860 0.672
INTENTION TO USE Al 0.777 0.844 0.494,
SAFETY 0.825 0.878 0.548
TRANSPARENCY 0.880 0.913 0.601
TRUST IN Al 0.837 0.902 0.755
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4.2 Discriminant Validity — Heterotrait-Monotrait Ratio (HTMT)

The discriminant validity of the model was assessed using the Heterotrait-Monotrait Ratio (HTMT). The HTMT
criterion examines whether the latent constructs of the model are sufficiently distinct from one another. As a general
rule, HTMT values below 0.90 are considered acceptable, while the more stringent threshold of 0.85 provides
stronger evidence of discriminant validity.

The results indicate that the HTMT values for most relationships among the constructs are substantially below the
acceptable thresholds. More specifically, the values range from 0.116 to 0.850, suggesting that the dimensions of
Autonomy, Bias, Fairness, Human Rights, Intention to Use Al, Safety, Transparency, and Trust in Al generally
represent distinct theoretical concepts.

The highest HTMT value was observed between Safety and Trust in Al (HTMT = 0.850). This value lies exactly at
the more stringent threshold of 0.85 but remains below the more widely used threshold of 0.90 (Table 2). Therefore,
there is no clear violation of discriminant validity. At the same time, this relatively high value is theoretically plau-
sible, as the perceived safety of an Al system is expected to be closely associated with the trust that users develop
toward it. However, since the value lies at the boundary of the stricter criterion, this relationship should be reported
with appropriate caution.

Another relatively high value was observed between Autonomy and Bias (HTMT = 0.802). Despite the relatively
strong association between these two constructs, the value remains below both the 0.85 and 0.90 thresholds and,
therefore, supports their conceptual distinctiveness.

Notable but clearly acceptable values were also recorded between Transparency and Intention to Use Al (HTMT =
0.707), Safety and Transparency (HTMT = 0.659), and Safety and Intention to Use Al (HTMT = 0.647). These
findings suggest that these constructs are related to one another without exhibiting such a degree of overlap that
would raise concerns regarding discriminant validity (Table 2).

In contrast, particularly low HTMT values were observed between Human Rights and Trust in Al (0.116),
Autonomy and Trust in Al (0.190), Human Rights and Safety (0.252), Human Rights and Intention to Use Al
(0.264), and Human Rights and Transparency (0.267). These low values provide strong evidence that the
corresponding constructs capture clearly distinct dimensions of the theoretical model (Table 2).

Overall, the HTMT results provide satisfactory support for the discriminant validity of the measurement model, as
none of the values exceeds the threshold of 0.90 (Table 2). Therefore, the eight latent variables can be considered
empirically distinct and can be retained as separate constructs in the proposed PLS-SEM model.

Table 2: Discriminant validity - Heterotrait-monotrait ration (HTMT)-Matrix
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SAFETY 0.330 g'48 0.350 0252 | 0.647
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Particular attention is required only for the Safety—Trust in Al relationship (HTMT = 0.850), due to its borderline
value according to the more stringent criterion. Nevertheless, this value does not, by itself, constitute a discriminant
validity problem, particularly when HTMT < 0.90 is adopted as the primary assessment threshold. Moreover, the
finding is theoretically consistent with the proposed model, in which Safety serves as a determinant of Trust in Al.

4.3 Discriminant validity — Fornell-Larcker criterion

Discriminant validity is a fundamental requirement for the evaluation of the measurement model in PLS-SEM, as
it assesses whether each latent construct in the model is empirically distinct from the other constructs. In other
words, the aim is to establish that the constructs Autonomy, Bias, Fairness, Human Rights, Safety, Transparency,
Trustin Al, and Intention to Use Al represent different theoretical concepts and do not essentially measure the same
phenomenon.

The Fornell-Larcker criterion is based on comparing the square root of the Average Variance Extracted (VAVE)
of each construct with its correlations with the other latent variables. To establish discriminant validity, the (VAVE)
value of each construct should be greater than the absolute value of its correlation with any other construct. The
underlying rationale is that a construct should share more variance with its own indicators than it shares with other
constructs in the model.

In the present study, the diagonal values of the Fornell-Larcker matrix are 0.673 for Autonomy, 0.660 for Bias,
0.586 for Fairness, 0.747 for Human Rights, 0.703 for Intention to Use Al, 0.740 for Safety, 0.775 for Transparency,
and 0.761 for Trust in Al. In all cases, these values are greater than the corresponding correlations among the
different constructs, providing clear evidence of discriminant validity (Table 3).

For Autonomy, the VAVE value is 0.673, while its highest correlation is observed with Bias (r = 0.313). The
remaining correlations are even lower, such as those with Human Rights (r = 0.285), Fairness (r = 0.160), and
Intention to Use Al (r = 0.100). Since 0.673 > 0.313, Autonomy demonstrates clear discriminant validity with
respect to all the other constructs (Table 3).

Similarly, for Bias, the VAVE value is 0.660. Its highest absolute correlation is with Autonomy (r = 0.313), while
its correlations with Human Rights and Trust in Al are r = 0.247 and r = —0.203, respectively. Therefore, the value
of 0.660 substantially exceeds all the corresponding correlations, confirming that Bias represents a distinct concep-
tual construct (Table 3).

For Fairness, the VAVE value is 0.586, while its correlations with the other constructs are relatively low. The
highest correlation is observed with Trust in Al (r = 0.200), followed by Intention to Use Al (r = 0.190) and Trans-
parency (r = 0.186). The substantial difference between the VAVE value of 0.586 and the highest correlation of
0.200 provides strong evidence that Fairness captures a distinct dimension of the ethical evaluation of Al (Table 3).
The Human Rights construct has a VAVE value of 0.747. Its highest correlation is with Autonomy (r = 0.285),
while its relationships with the remaining variables are even weaker. For example, the correlation with Bias is r =
0.247, with Fairness r = 0.136, with Safety r = —0.102, and with Trust in Al r =—0.073. Therefore, Human Rights
demonstrates particularly clear empirical distinctiveness from the other ethical dimensions (Table 3).

Of particular interest is Intention to Use Al, for which the vVAVE value is 0.703. Its highest correlation is observed
with Transparency (r = 0.451), followed by Trust in Al (r = 0.327). Although the Transparency—Intention relation-
ship is relatively stronger compared with several other relationships in the model, the value of 0.451 remains clearly
lower than the VAVE value of 0.703 (Table 3). Therefore, Intention to Use Al remains sufficiently distinct from
Transparency as well as from all the other constructs.

Safety is of particular importance to the theoretical model, as it represents the strongest determinant of Trust in Al
in the structural model. The VAVE value for Safety is 0.740, while its highest correlation is with Trust in Al (r =
0.539). Although this is the highest correlation in the entire matrix, it remains lower than both the VAVE of Safety
(0.740) and the VAVE of Trust in Al (0.761) (Table 3). Therefore, the stronger Safety—Trust relationship does not
indicate conceptual overlap. Rather, it demonstrates that the two constructs are substantively related while remain-
ing empirically distinct.
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For Transparency, the corrected VAVE value is 0.775, representing the highest diagonal value among the eight
constructs. Its strongest correlation is observed with Intention to Use Al (r = 0.451), followed by Trust in Al (r =
0.316), Fairness (r = 0.186), and Safety (r = 0.130). Since 0.775 > 0.451, Transparency demonstrates clear discri-
minant validity (Table 3). This finding is particularly important, as it indicates that perceptions of the transparency
of Al systems are conceptually distinct from both trust in these systems and users’ intention to use them.

Finally, for Trust in Al, the VAVE value is 0.761. Its strongest correlation is with Safety (r = 0.539), followed by
Intention to Use Al (r = 0.327) and Transparency (r = 0.316) (Table 3). Since all these values are lower than 0.761,
the results confirm that Trust in Al represents a distinct conceptual construct and does not overlap with perceptions
of safety, transparency, or intention to use Al.

Overall, the Fornell-Larcker criterion is satisfied for all eight latent constructs. None of the inter-construct correla-
tions exceed the corresponding square root of the AVE. This finding indicates that each construct shares more
variance with its own indicators than with the other constructs included in the model.

This finding is particularly important for the present study because the six dimensions of Human Rights, Autonomy,
Bias, Fairness, Transparency, and Safety represent related aspects of the broader concept of Al Ethics. Despite their
theoretical interrelatedness, the results indicate that participants perceive them as distinct and empirically distin-
guishable dimensions. At the same time, the two constructs, Trust in Al and Intention to Use Al, are sufficiently
differentiated both from each other and from the six ethical dimensions.

Consequently, the results of the Fornell-Larcker criterion strengthen the measurement validity of the proposed PLS-
SEM model and provide evidence that the relationships examined in the structural model do not merely result from
excessive conceptual overlap among the constructs. Combined with the HTMT results, these findings provide
stronger overall evidence supporting the discriminant validity of the model.

Table 3: Discriminant validity — Fornell-Larcker criterion
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FAIRENESS 0.160 | 0.133 0.586
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RIGHTS 0.285 | 0.247 0.136 0.747
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TO USE Al 0.100 0.048 0.190 -0.040 0.703
SAFETY -0.054 0176 0.054 -0.102 0.139 | 0.740
TRANSPAREN -
cy 0.096 0.063 0.186 -0.026 0.451 | 0.130 0.775
TRUST IN Al 0.092 0203; 0.200 -0.073 0.327 | 0.539 0.316 | 0.761

4.4 Collinearity Statistics (VIF) — Inner Model

Prior to evaluating the structural relationships of the proposed PLS-SEM model, the potential presence of multicol-
linearity among the predictor constructs was examined using the Variance Inflation Factor (VIF). Assessing inner
multicollinearity is essential because high levels of correlation among predictor variables may affect the stability
and interpretation of the estimated path coefficients in the structural model.

36



www.ijessnet.com International Journal of Education and Social Science Vol. 13 No. 3; October 2026

The results indicate that all VVIF values are particularly low, ranging from 1.000 to 1.196. Specifically, for the paths
predicting Trust in Al, the values are as follows: Autonomy — Trust in Al: VIF = 1.196, Bias — Trust in Al: VIF
= 1.187, Fairness — Trust in Al: VIF = 1.084, Human Rights — Trust in AI: VIF = 1.138, Safety — Trust in Al:
VIF = 1.053, and Transparency — Trust in Al: VIF = 1.070. For the relationship Trust in Al — Intention to Use
Al, the VIF value is 1.000 (Table 4).

All values are substantially below the commonly accepted thresholds for assessing multicollinearity. Even when
applying the more stringent criterion of VIF < 3.3, none of the examined relationships shows evidence of problem-
atic collinearity.

The highest VIF value is observed for the Autonomy — Trust in Al relationship (VIF = 1.196), followed by Bias
— Trust in AI (VIF = 1.187) (Table 4). However, even these values are very close to 1 and substantially below the
critical thresholds. Therefore, there is no evidence of substantial overlap among the six ethical dimensions when
considered as predictors of Trust in Al.

In particular, the low level of collinearity among Human Rights, Autonomy, Bias, Fairness, Transparency, and
Safety is important for the proposed theoretical model, as it suggests that these individual ethical dimensions can
be simultaneously examined as distinct predictors of Trust in Al without the estimated path coefficients being sub-
stantially affected by multicollinearity.

The VIF value of 1.000 for the Trust in Al — Intention to Use Al relationship is also expected, since Trust in Al is
the only direct predictor of Intention to Use Al in this particular part of the structural model. Therefore, there is no
competition with other predictor variables in explaining this endogenous construct.

Overall, the VIF results confirm the absence of problematic multicollinearity within the inner structural model.
Consequently, the relevant prerequisite for the subsequent evaluation of the structural model is satisfied, and the
path coefficients can be examined without substantial concerns regarding collinearity among the predictor con-
structs.

The ranking of the VIF coefficients is as follows:

Autonomy (1.196) > Bias (1.187) > Human Rights (1.138) > Fairness (1.084) > Transparency (1.070) > Safety
(1.053) (Table 4).

Nevertheless, all values are very low in practical terms. This further supports the argument that the six Al Ethical
Dimensions can function as distinct predictors of Trust in Al.

There is also an interesting connection with the preceding results: Safety has the lowest VIF among the six predic-
tors (1.053), while in the Total Effects analysis it demonstrated the strongest positive effect on Trust in Al (B =
0.482) (Table 4). Therefore, the strong effect of Safety does not appear to be attributable to multicollinearity with
the other ethical dimensions.

Table 4: Collinearity statistics (VIF)-Inner model —List

VARIANCE INFLATION FACTOR (VIF) VIF

AYTONOMY — TRUST IN Al 1.196
BIAS —TRUST IN Al 1.187
FAIRENESS —TRUST IN Al 1.084
HUMAN RIGHTS—TRUST IN Al 1.138
SAFETY —TRUST IN Al 1.053
TRANSPARENCY —TRUST IN Al 1.070
TRUST IN Al — INTENTION TO USE Al 1.000

4.5 Interpretation of Total Effects

The Total Effects table presents the overall effects of the constructs Autonomy, Bias, Fairness, Human Rights,
Safety, and Transparency on Trust in Al and Intention to Use Al, as well as the total effect of Trust in Al on intention
to use. Total effects include both direct and indirect effects operating through the mediating variables of the model.
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The results initially identify Safety as the strongest positive determinant of Trust in Al, with a total effect of =
0.482 (Table 5). This finding suggests that the more students perceive Al systems as safe, reliable, and protected
against potential risks and failures, the greater their trust in these systems. Safety exhibits a clearly stronger effect
on Trust in Al compared with the other ethical dimensions.

The second strongest positive effect on Trust in Al is observed for Transparency ( = 0.203). This result suggests
that the ability to understand how Al systems operate and make decisions may contribute positively to building
trust. Fairness (p = 0.141) and Autonomy (B = 0.137) follow, demonstrating positive but clearly weaker effects on
Trustin Al (Table 5).

In contrast, Bias exhibits a negative total effect on Trust in Al (B =-0.161) (Table 5). This direction is theoretically
expected, provided that higher scores on the construct represent greater perceived bias. Therefore, the more students
perceive Al systems as potentially producing biased or prejudiced decisions, the lower their trust in these systems
tends to be.

Of particular interest is the Human Rights dimension, which exhibits a very small negative effect on Trust in Al (B
=—0.037) (Table 5). The magnitude of this coefficient is extremely low, suggesting that, within the specific model,
this construct has only a limited overall relationship with trust. However, the negative direction should not be sub-
stantively interpreted before examining the bootstrapping results and, in particular, the statistical significance of
this relationship.

Regarding Intention to Use Al, Trust in Al exhibits a positive total effect of § = 0.327 (Table 5). This finding is
particularly important for the theoretical rationale of the proposed model, as it indicates that higher levels of trust
in Al systems are associated with a stronger intention to use them. In other words, trust appears to represent an
important mechanism through which students’ perceptions may translate into behavioral intention.

Among the six ethical dimensions, Safety also exhibits the strongest total effect on Intention to Use Al ( = 0.157).
This is followed by Transparency ( = 0.066), Fairness (p = 0.046), and Autonomy (p = 0.045). Bias demonstrates
a negative total effect on intention to use (p = —0.053), whereas Human Rights exhibits a very small negative effect
(B=-0.012) (Table 5).

The effects on Trust in Al, ranked according to their absolute magnitude, are as follows:

Safety (0.482) > Transparency (0.203) > Bias (—0.161) > Fairness (0.141) > Autonomy (0.137) > Human Rights
(—0.037). Similarly, regarding Intention to Use Al, the total effects of the ethical dimensions are:

Safety (0.157) > Transparency (0.066) > Bias (—0.053) > Fairness (0.046) > Autonomy (0.045) > Human Rights
(—0.012), while Trust in Al exhibits a total effect of f = 0.327 on Intention to Use Al (Table 5).

The results therefore reveal an interesting hierarchy among the ethical factors. Safety emerges as the most influential
dimension in building Trust in Al and, through trust, in strengthening intention to use Al. Transparency represents
the second strongest positive factor, whereas Bias operates in the opposite direction, reducing trust and, conse-
guently, intention to use Al.

Overall, the findings appear to support the fundamental theoretical logic of the proposed model: Al Ethical Dimen-
sions — Trust in Al — Intention to Use Al In particular, the pathway Safety — Trust in Al — Intention to Use Al
exhibits the largest overall positive effect among the ethical dimensions examined, highlighting safety as a poten-
tially pivotal factor in fostering trust and Al acceptance among students.

An additional noteworthy pattern emerges from the results. Given that Safety — Trust in Al = 0.482 and Trust in
Al — Intention to Use Al = 0.327, the corresponding indirect effect is approximately: 0.482 x 0.327 = 0.157.

which is essentially identical to the Safety — Intention to Use Al = 0.157 value reported in the Total Effects table.
This provides strong evidence that, within the specified model, the effect of Safety on Intention to Use Al is trans-
mitted through Trust in Al. A similar pattern appears to characterize the other ethical dimensions.
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Table 5: Total effects

RELATIONS Total effects
AYTONOMY — INTENTION TO USE Al 0.045
AYTONOMY —TRUST IN AI 0.137
BIAS — INTENTION TO USE Al -0.053
BIAS —TRUST IN AI -0.161
FAIRENESS — INTENTION TO USE Al 0.046
FAIRENESS — TRUST IN Al 0.141
HUMAN RIGHTS — INTENTION TO USE Al -0.012
HUMAN RIGHTS — TRUST IN AI -0.037
SAFETY — INTENTION TO USE Al 0.157
SAFETY — TRUST IN Al 0.482
TRANSPARENCY — INTENTION TO USE Al 0.066
TRANSPARENCY — TRUST IN Al 0.203
TRUST IN AI —» INTENTION TO USE Al 0.327

4.6 Interpretation of the PLS-SEM Structural Model

Figure 2 presents the bootstrapping results for the proposed PLS-SEM model, in which the six ethical dimensions,
namely Human Rights, Autonomy, Bias, Fairness, Transparency, and Safety, are examined as determinants of Trust
in Al, while Trust in Al is examined as a determinant of Intention to Use Al.

Using p < 0.05 as the criterion for statistical significance, among the six ethical dimensions, only Safety has a
statistically significant effect on Trust in Al (p < 0.001). In contrast, the relationships Autonomy — Trust in Al (p
= 0.208), Bias — Trust in Al (p = 0.344), Fairness — Trust in Al (p = 0.305), Transparency — Trust in Al (p =
0.220), and Human Rights — Trust in Al (p = 0.745) are not statistically significant.
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Figure 2: Structural model PLS-SEM

This finding identifies Safety as the only one of the six Al Ethical Dimensions that makes a statistically significant
contribution to the prediction of Trust in Al. Combined with the coefficients reported in the previous table, where
the effect of Safety was positive and relatively strong ( = 0.48), the results indicate that perceived safety constitutes
the most important factor in building trust in Al within the proposed model.

The relationship between Trust in Al — Intention to Use Al is also particularly noteworthy. In the new figure, p =
0.208, indicating that the effect is not statistically significant at the a = 0.05 level. Although the previous table
shows that the path coefficient is positive (B = 0.327), there is insufficient statistical evidence to support the con-
clusion that Trust in Al significantly predicts Intention to Use Al in the specific sample.
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4.7 Testing the Research Hypotheses

Regarding H6, the results provide sufficient statistical evidence to reject Hos and support Hies. In contrast, for H1—
H5 and H7, the findings do not provide sufficient statistical evidence to reject the corresponding null hypotheses.

Table 6: Testing of the Research Hypotheses

Hypothesis Structural Relationship p-value Decision

H1 Human Rights — Trust in AI 0.745 Not supported
H2 Autonomy — Trust in Al 0.208 Not supported
H3 Bias — Trust in Al 0.344 Not supported
H4 Fairness — Trust in Al 0.305 Not supported
H5 Transparency — Trust in Al 0.220 Not supported
H6 Safety — Trust in Al <0.001 Supported

H7 zuSt in Al — Intention to Use 0.208 Not supported

4.8 Interpretation of R Values

The model yields an R2 value of 0.400 for Trust in Al. This indicates that the six ethical dimensions jointly explain
40.0% of the variance in Trust in Al. This represents a meaningful level of explanatory power, although, at the level
of the individual predictors, only Safety demonstrates a statistically significant effect.

For Intention to Use Al, the R2 value is 0.107, indicating that Trust in Al explains 10.7% of the variance in Intention
to Use Al. This relatively limited proportion of explained variance suggests that intention to use Al is likely to be
influenced by additional factors that have not been incorporated into the present model.

Regarding the mediation hypothesis H8: Safety — Trust in Al — Intention to Use Al, the results show that although
the first path, Safety — Trust in Al, is clearly statistically significant (p < 0.001), the subsequent path, Trust in Al
— Intention to Use Al, is not statistically significant (p = 0.208).

5. Conclusions

The present study sought to approach the acceptance of Artificial Intelligence in Higher Education from an ethically
oriented and human-centered perspective, investigating the contribution of six key dimensions of Al Ethics, namely
Human Rights, Autonomy, Bias, Fairness, Transparency, and Safety, to the formation of Trust in Al and, subse-
guently, Intention to Use Al. This approach shifts the focus from the exclusive examination of traditional technology
acceptance factors toward the role that ethical perceptions play in building trust in Al systems.

The most important finding of the study is that, among the six ethical dimensions examined, Safety emerged as the
only dimension with a statistically significant effect on Trust in Al. Moreover, the six ethical dimensions jointly
explain 40% of the variance in Trust in Al (R2=0.400), indicating that the ethical evaluation of Al systems consti-
tutes a meaningful component of the trust-building process.

The prominent role of Safety suggests that, within the specific student sample, trust in Al is primarily associated
with the perception that Al systems are safe, reliable, controllable, and capable of mitigating potential risks. In
contrast, the constructs of Human Rights, Autonomy, Bias, Fairness, and Transparency, although representing fun-
damental normative principles of responsible and human-centered Al, did not demonstrate statistically significant
independent effects on Trust in Al.

This finding has particular theoretical significance, as it highlights the distinction between the normative importance
of an ethical principle and its empirical ability to predict users’ trust. The absence of statistically significant effects
for the remaining ethical dimensions does not diminish their importance; rather, it suggests that students may eval-
uate broad ethical principles differently from more immediate and experientially salient considerations, such as the
safety and reliability of an Al system.
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At the same time, Trust in Al exhibited a positive but statistically non-significant effect on Intention to Use Al,
while accounting for 10.7% of its variance (R2 = 0.107). This finding suggests that trust, although conceptually
important, is not sufficient on its own to explain students’ intention to use Al. Future models could therefore incor-
porate additional technological, educational, and individual-level factors to provide a more comprehensive expla-
nation of Al adoption intentions.

Overall, the study demonstrates that the responsible integration of Al into Higher Education cannot be based solely
on technological effectiveness. It requires the development of an environment in which students perceive Al as safe,
reliable, transparent, fair, and human-centered. From this perspective, the critical question shifts from “Can students
use AI?” to the more substantive question, “Under what ethical conditions can students trust AI?” Within the pro-
posed model, the Safety construct appears to represent the first and strongest step toward building such trust.
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