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Abstract
Most trust metrics for intelligent systems are developed for adults,
relying on complex reasoning and language that do not align with
children’s developmental stages. As intelligent systems increasingly
engage with young users, evaluating trust in child-AI interaction
has become an urgent concern in HCI. In this paper, we present
the iterative refinement and validation of the K-AI Trust Question-
naire, a child-centred instrument that integrates dispositional and
situational trust components grounded in child-rights principles.
Dispositional trust is captured through a child-adapted Propen-
sity to Trust Technology (PTT), while situational trust is assessed
through post-interaction items reflecting children’s experience with
AI. Starting with a sample of 289 children, we conducted psychome-
tric analyses and exploratory testing, culminating in a confirmatory
factor analysis on a subsample of 85 children. Results supported a
unidimensional structure consistent with the PTT, and highlighted
the limitations of adult-oriented scales, underscoring the need for
developmentally appropriate tools for trustworthy child-AI design.
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• Human-centered computing → Empirical studies in HCI ; •
Social and professional topics→ Children.
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1 Introduction
As Artificial Intelligence (AI) technologies become increasingly em-
bedded in everyday human activities, the capacity to systematically
evaluate their trustworthiness has emerged as a key challenge for
the Human-Computer Interaction (HCI) community. In particular,
the deployment of AI systems in child-centred contexts, such as
educational platforms and conversational agents, raises complex
questions about how trust is established, calibrated, and maintained.
Despite growing interest in ethical AI design, current evaluation
frameworks [36, 44, 53] often rely on generalised usability metrics
or adult-centric instruments that fail to account for the develop-
mental, cognitive, and interpretive differences that shape children’s
experiences with intelligent systems.

Trust can be defined as “the attitude that an agent will help
achieve an individual’s goals in a situation characterised by uncer-
tainty and vulnerability” [33]. In this study, we conceptualise trust
as the perceived trustworthiness of an AI system from the child’s
perspective.While trustworthiness denotes the system’s actual qual-
ities, such as competence, reliability, fairness, and transparency,
trust reflects how these qualities are perceived and acted upon by
the child. When not aligned, trust may lead to overtrust, where
users depend too much on automation, or undertrust, where users
stop engaging with it even though the system is actually helping
them [48]. This also happens in child–AI interaction. For exam-
ple, children may overtrust conversational agents, taking incorrect
answers as true, or projecting human traits onto the system [73].
They may also stop using AI tools after a single error occurs, even
when they are contributing to their learning [34]. These dynamics
emphasise a core challenge in Child–Computer Interaction (CCI):
intelligent systems can empower learning and exploration, but only
when trust is appropriately calibrated.

These dynamics are not limited to child-AI interactions but are
rooted in broader discussions of automation in HCI. Automation is
the “execution by amachine agent (usually a computer) of a function
that was previously carried out by a human” [48]. Within this
definition, conversational agents, interactive automated systems
powered by Large Language Models (LLMs) or simpler decision
trees [13], process input, decide on output, and act without human
mediation.

Children encounter such systems every day at home, in class-
rooms, and through voice assistants and educational platforms. The
understanding of how trust in such technologies is built ensures
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that they support critical thinking rather than blind reliance. Chil-
dren are often unable to distinguish between a system that appears
intelligent and one that is truly reliable and responsive to their
needs.

Although prior research has identified individual-level factors
that influence trust in automation, such as self-confidence, person-
ality, and the propensity to trust machines [43, 61], these studies
have primarily targeted adult users, overlooking developmental
differences in how children interact with and interpret intelligent
systems. Much of this literature frames trust as a dispositional trait
rather than a situated, relational construct, limiting our understand-
ing of how it is co-constructed through social interaction. Trust is a
dynamic process shaped by expectations, experiences, and interpre-
tations deeply influenced by developmental stage and sociocultural
context [60, 62], which is particularly relevant in the design of child-
AI interaction. We therefore adopt a two-level framing of trust in
child–AI interaction: a dispositional baseline, captured through a
child-adapted Propensity to Trust Technology (PTT), and a situa-
tional, post-interaction judgment captured with our new K-AI Trust
scale.

Emerging policy frameworks such as the EU AI Act [37] call for
principles such as transparency, fairness, safety, and human agency
as the cornerstones of trustworthy AI. However, these principles
are rarely operationalised in empirical HCI studies, especially in
systems designed for, or used by, children. A critical gap remains
between high-level regulatory intentions and the concrete tools
available to evaluate how children perceive and engage with AI sys-
tems in real-world settings [52]. Recent empirical work identifies
five core principles: respect for autonomy, transparency, safety, fair-
ness, and privacy, that should guide the design, development, and
evaluation of AI systems [8]. We argue that these principles must
be explicitly extended to child-AI interaction. Thus, child-AI design
should be grounded in participatory, rights-aligned frameworks.

We suggest moving toward a mutual symbiosis model [75] in
child-AI interaction, pointing to the redefinition of trust not simply
as user compliance or technical reliability, but as a dynamic rela-
tionship, actively shaped by both sides. In this perspective, human
and AI systems mutually support and adapt to one another, with
shared understanding and goals that neither could achieve alone
[38]. This vision involves children’s gradual exploration of the AI
system’s affordances and boundaries, while the system complies
with principles such as transparency, fairness, participation and
responsiveness to the child’s developmental needs. In this context,
trust becomes part of an engaging, reflective and critical process,
rather than passive dependence.

In this article, we introduce a novel questionnaire, K-AI Trust,
specifically designed to assess children’s trust in conversational
AI systems after direct interaction. It was developed through a
post-interaction study with children, drawing on integrated models
of PTT, child-centred ethics, and empirical HCI research [1, 45].
Our contribution is a theoretically robust and developmentally in-
formed tool that captures how children conceptualise and express
trust in intelligent systems. Grounded in psychometric theory and
aligned with international child rights and regulatory principles
[1, 18, 46], the proposed questionnaire bridges the gap between
abstract ethical principles and real-world child-AI interactions by
operationalising constructs such as fairness, transparency, control,

and responsiveness. In doing so, this work provides the HCI com-
munity with a robust, developmentally aligned tool for evaluating
trust in child-AI interaction, thereby supporting the ethical and
inclusive design of intelligent systems for children. In line with
this framing, Study 1 establishes children’s dispositional baseline
using PTT, while Studies 2 and 3 design and validate K-AI Trust to
measure situational trust after direct interaction with an AI system.
This sequence clarifies how our contribution moves from trait to
state, addressing a gap in child-centred HCI measures.

We articulate our investigation around the following research
questions:

RQ1: Which dimensions best capture the trust construct when
creating a child-centred scale?

RQ2: How do children interpret and respond to items related to
ethical AI principles (e.g., consent, data use) within a trust ques-
tionnaire context?

To address these questions, we employed a mixed-methods ap-
proach, combining psychometric validation, exploratory factor anal-
ysis, and qualitative analysis of children’s post-interaction data.

2 Related work
Trust is a multifaceted construct, central to human engagement
with AI systems [10, 20, 51] and a core motivation for explainable
AI (XAI). However, it remains conceptually fragmented and empir-
ically underdefined [26, 69]. Different theoretical approaches use
overlapping terms, including:

• dispositional trust (or propensity to trust): a trait-like base-
line tendency to trust technology, independent of specific
situations [42];

• reliance: behavioural responses to perceived system perfor-
mance [50];

• perceived trustworthiness: subjective impressions shaped by
cues or interface design [72];

• situational trust: context-dependent responses shaped by
environmental and task-related factors [24];

• calibrated trust: alignment between user trust and actual
system capabilities [32];

• warranted trust: trust justified by evidence of the system’s
competence and intentions [28].

This heterogeneity has led to theoretical ambiguity and diver-
gent measurement strategies, especially in HCI and AI evaluation
research [58]. Existing questionnaires primarily assess dispositional
or trait-like measures, i.e. users’ general tendency to trust machines
or automation, e.g., [29, 43]. Currently, there are limited tools to
assess post-interaction trust, or situational trust, i.e., how users’
perceptions of trustworthiness evolve during interactions with AI
systems.

Propensity to trust, in the broadest sense, is dispositional, reflect-
ing a person’s general tendency or natural inclination to trust others.
Developmental research roots such dispositions in early interper-
sonal experiences, based on a person’s generalised faith in human
nature [55]. In infancy, consistent and sensitive caregiving fosters
a general sense of safety and predictability [17], which evolves into
cognitive expectations that others will act reliably [55, 56]. Across
childhood, parental modelling of trustworthiness, cooperative peer
relationships, and opportunities to detect and respond to deception
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shape both the tendency to trust and the discernment of when not
to trust [5, 71]. With age, children’s understanding of trust shifts
from concrete, reward-based expectations toward more abstract
notions of reciprocity, loyalty, and mutual vulnerability, particu-
larly within close friendships. Webb and Worchel [71] emphasise
that children actively construct trust beliefs through observation,
reinforcement, and social comparison, using past experiences to
form generalised expectations about others’ reliability.

These interpersonal trust dispositions often transfer to novel
domains, including human–automation interaction, as judgments
about competence, predictability, and benevolence rely on similar
cognitive and affective mechanisms. In technology contexts, PTT
influences how children interpret early interactions with AI sys-
tems. High PTT may lead to overreliance, whereas low PTT may
lead to premature rejection. Designing child-centred AI therefore
requires supporting calibrated trust, helping children align their
trust with actual system capabilities. This is all the more necessary
for children, as compared to adults, given that their judgments of
fairness, transparency, and comfort may shift rapidly in response to
interactional cues. Because their source evaluation, critical stance,
and privacy/moral reasoning are still developing, situational cues
as feedback, perceived fairness, explainability, and data use strongly
shape post-interaction trust [22, 35, 59].

2.1 Approaches to Measuring Trust in HCI
In the specific case of trust in automation, machines and/or technol-
ogy, Lee and See [33] defined trust as a dynamic, situated attitude
shaped by users’ perception of system performance, process, and
purpose. Hancock et al.’s [21] meta-analysis identified key factors
influencing trust, including system reliability and user characteris-
tics. These models have influenced the design of trust-aware sys-
tems in safety-critical high-stakes domains such as healthcare and
defence[30].

Several questionnaires have been developed to capture trust
in technology and automation. Jian et al.’s Trust in Automation
Scale conceptualised trust and distrust as distinct but related di-
mensions [29], while McKnight et al. introduced a set of scales
for online systems, distinguishing competence, benevolence, and
integrity [40]. To contextualise these measures, McKnight et al.’s
tripartite framework conceptualises trust in terms of Competence,
Benevolence, and Integrity, capturing core cognitive beliefs about
an AI system’s ability, goodwill, and adherence to fair principles
[40, 64]. In human–robot and autonomous systems research, Schae-
fer’s Trust Perception Scale-HRI measured perceived reliability,
dependability, predictability, and faith, and has since been adapted
in studies of autonomous and AI-driven systems [57]. Ullman and
Malle’s measures have been widely applied, extending trust be-
yond reliability, predictability, and perceived intentions to include
four subscales, Capable, Ethical, Sincere, and Reliable [65]. More re-
cently, Körber advanced a multidimensional questionnaire for trust
in automation, designed to disentangle cognitive, affective, and
behavioural dimensions, including reliability, predictability, and
intention, to assess adult users’ trust in automated systems [31].
These tools are primarily adult-oriented, relying on domain-specific
contexts such as aviation, e-commerce, or robotics, and employing

technical terminology that may not align with children’s develop-
mental stages.

Some conceptual frameworks have begun to differentiate cogni-
tive trust (e.g., trust based on evidence and system performance)
from emotional trust (e.g., trust based on affect or intuition) [25],
or to distinguish trust in competence (e.g., reliability and function-
ality) from trust in intentions [40, 41]. Yet, these distinctions are
often not reflected in measurement tools. Furthermore, few empir-
ical trust models meaningfully incorporate user-facing concepts
such as transparency, explainability, or usability, principles that
are increasingly relevant in contemporary child and user-rights
frameworks [1, 11, 66, 67].

In recent years, HCI scholars have turned their attention to
explainable AI (XAI), fairness, and algorithmic transparency, which
directly relate to trust in competence (e.g., reliability, functionality)
and trust in intentions (e.g., fairness, alignment with user goals)
[14]. This body of work emphasises the importance of designing
AI systems that communicate their reasoning, limitations, and data
use to end-users in understandable ways, e.g., [6, 15, 70]. However,
this research is often exploratory or design-focused, and validated
questionnaires for evaluating how users experience trust in these
systems remain sparse.

2.2 The need for measures of children’s trust in
AI

Understanding how children develop trust in intelligent systems
is a growing concern in HCI and Child-Computer Interaction, es-
pecially as AI technologies increasingly shape children’s learning,
play, and communication environments. In particular, AI is increas-
ingly being integrated into educational contexts and learning en-
vironments, including intelligent tutoring systems and conversa-
tional agents. However, understanding how students interpret AI
behaviour, assign trust, and calibrate their reliance on these systems
is still lacking [27]. Indeed, there is a notable lack of validated, multi-
dimensional trust scales tailored to AI systems designed for children
and adolescents, particularly in educational contexts[51, 54], and
the HCI literature offers limited tools for measuring this kind of
situated, post-interaction trust in ways that are developmentally
appropriate and aligned with ethical AI principles.

Furthermore, while foundationalmodels of PTT have beenwidely
used to assess individuals’ general tendency to trust automation
(e.g., [9, 39]), they were originally designed for adult interpersonal
and organisational contexts. In addition, these models of disposi-
tional trust alone do not adequately account for how trust evolves
during interaction, nor how system-specific factors (e.g., design fea-
tures, feedback, agency) influence a child’s perception of fairness,
control, or safety.

To effectively support child-AI interaction, these models must
be adapted to reflect children’s developmental stages, lived experi-
ences, and rights. Adapting these models provides a solid founda-
tion for understanding how children’s general attitudes shape their
experience and expectations of AI.
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2.3 A new model and measure for evaluating
children’s trust in AI

In order to address the issues identified above, we carried out a
series of studies designed to create a new evaluation tool (K-AI
Trust) that captures both dispositional and situational aspects of
trust. In other words, it considers how naturally inclined children
are to trust technology (dispositional trust) and how their trust is
shaped during a specific interaction with an AI system (situational
trust). When developing the questionnaire, we aimed to capture
children’s trust in AI as a holistic, interactional construct, grounded
in their lived experiences.

The tool builds on theoretical insights from automation trust
research, drawing on integrated models of PTT [43]. It combines
these theoretical strands with principles from children’s rights
frameworks, particularly the UNCRC General Comment No. 25
[46], which calls for child-centred, age-appropriate design and eval-
uation practices. Concerns around fairness, transparency, respon-
siveness, and usability dimensions, increasingly foregrounded in
policy frameworks such as the EU AI Act [47], the GDPR-K for kids
[18], and others [1, 19, 45, 46], are also reflected in our question-
naire.

Accordingly, we identified three interrelated facets that shape
how children experience and express trust. In our final question-
naire, these facets are not treated as separate dimensions, but rather
as theoretical anchors that guide item development within a unified,
developmentally grounded trust construct. They are the following:

• Perceived Trustworthiness: assessing judgments of com-
petence, reliability, and fairness.

• Transparency and Control: gauging how well children
understand the system’s functioning and whether they feel
able to manage their data and interactions.

• Emotional Comfort and Engagement: capturing affec-
tive responses such as enjoyment, safety, or unease when
interacting with the system.

For the perceived trustworthiness facet, we focus on how children
interpret the system’s reliability, competence, and perceived intent.
This facet aligns with multidimensional trust models that differenti-
ate beliefs about a system’s ability and intentions (e.g., competence,
benevolence, integrity; [40]). In the context of child–AI interaction,
these dimensions map onto children’s judgments of whether an
intelligent system is helpful, fair, and behaves ethically.

These qualities are particularly important in child-AI interaction
because children often rely on cues such as consistency, accuracy,
and fairness to judge whether a system can be depended upon
[20, 72]. Additionally, frameworks such as the 5Rights principles
[11] and the UNCRC [45] emphasise children’s right to reliable and
non-deceptive technologies. Items within this category were there-
fore designed to capture whether children perceive the intelligent
system as dependable, competent in its responses, and aligned with
benevolent intentions.

The transparency and control facet focuses on how children un-
derstand andmanage their interactions with AI.We drew onmodels
of explainability and user control in HCI and AI, particularly re-
search highlighting that trust is reinforced when users can compre-
hend system actions and feel a sense of agency over them [24, 73].
Additionally, frameworks, such as the UNCRC General Comment

No.25 [46] emphasise age-appropriate communication and chil-
dren’s agency in digital environments. Items within this category
gauge whether children feel informed and in control during inter-
action.

For emotional comfort and engagement, we refer to emotional
dimensions of trust that are especially salient in child-AI interac-
tion, where feelings of safety, comfort, enjoyment, anxiety, or fear
of betrayal strongly shape engagement. This facet is informed by
affective-cognitive models of trust [64, 74] and by child-centred
design frameworks that foreground emotional attunement, respon-
siveness, and user comfort in digital interactions, such as the 5Rights
principles (e.g. Right to Safety and the Right to Support) and the
UNCRS General Comment No. 25, which emphasises children’s
right to an emotionally safe and developmentally appropriate dig-
ital experience [11, 46]. We also draw on emerging CCI research
highlighting the role of emotional support, relational cues, and user
comfort in children’s interactions with intelligent systems [7, 12].
Items within this category, therefore, capture whether children
experience the system as approachable, enjoyable, and emotionally
safe.

These theoretical iterations informed the development of a uni-
fied measurement tool. The questionnaire was ultimately validated
as unidimensional, while our item selection and conceptual ground-
ing reflect the integration of cognitive, emotional and interactional
components of trust.

This structure helps researchers to assess both children’s general
tendency to trust technology and their trust in specific interactions.
, Practitioners such as designers, educators, or policymakers can
use it to monitor how children experience AI in real situations, spot
early signs of distrust or anxiety, and support more transparent,
inclusive interfaces. By grounding our scale development in both
empirical data and real-world interaction contexts, we contribute to
the growing call within the HCI community for metrics that support
the responsible design and assessment of AI systems, particularly
for vulnerable or underrepresented user groups, such as children.

The next sections outline the three studies that shaped the final
K-AI Trust questionnaire.

3 Research Methodology
Study 1 examined children’s dispositional trust using a modified
version of the PTT [42]. The psychometric evaluation of this first
questionnaire informed a refinement of the dispositional trust items.
In Study 2, these refined items were combined with a new set of
questions designed to measure children’s situational trust after
interacting with an AI system, yielding a combined dispositional-
situational questionnaire. The psychometric analyses conducted
in Studies 2 and 3 on this combined questionnaire led to the con-
struction of the final K-AI Trust questionnaire for children, which
jointly captures dispositional and situational trust.

Each study was carried out in the same primary school and in-
volved multiple classrooms of year 4 and 5 pupils (aged 9 1o 11). The
research protocol was reviewed and approved by the appropriate
Institutional Review Board (protocol no. 2025-UNBACLE-0226225).
Before participation, written consent was obtained from parents
or legal guardians of each child, in line with GDPR-K guidelines
and local ethics requirements. Assent was also gathered from the
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participating children, in accordance with ethical guidelines for
research with young people [11, 67, 68]. All analysis scripts are
available at: osf.io/tew95.

3.1 Study 1
3.1.1 Participants. A total of 289 children participated in Study 1.
The age range was 9–11 years (M = 9.75, SD = 0.68). The participants
self-identified as Girl (52%), Boy (45.5%), and Not Disclosed (2.4%)
(see Tab. 1).

Table 1: Participant Demographics for Study 1

Gender Count Mean Age SD Age

Boy 132 9.82 0.70
Girl 151 9.68 0.65
ND 7 10.00 0.82

3.1.2 Materials. A Prior Knowledge of AI Questionnaire was
developed to gauge children’s knowledge of, and experience with,
intelligent systems. The questionnaire included both factual and
opinion-based items, designed to be accessible to children aged
9–11 and easy to complete independently (see Fig. 1).

Figure 1: Children completing the questionnaire individually
in the school’s hall.

These questions aimed to assess children’s familiarity with AI
and everyday technologies that incorporate intelligent behaviour.
As such, the questions provided a comprehensive snapshot of the
children’s prior AI exposure, usage patterns, and early conceptuali-
sations of intelligent systems, which were key contextual factors
for interpreting their responses to the trust-related measures that
followed. The Prior Knowledge of AI questionnaire can be found
in Appendix A.

The PTT Questionnaire [42] was originally designed for adults.
Therefore, it was discussed with teachers in the school, including
the head teacher, in order to make age-appropriate modifications. It
was then translated into the participants’ native language, italian.

For example, the original PTT questionnaire referred broadly
to “machines”, a term that children found difficult to interpret.
We therefore decided to focus on technological systems, such as

computers or voice assistants (e.g., Alexa, Siri), to improve under-
standability. An English translation of the modified questionnaire
can be found in Appendix B. We incorporated concrete, age-familiar
examples (e.g., Alexa, TikTok) recommended by teachers to support
comprehension and ecological validity, reflecting common forms of
children’s AI exposure: voice-based assistants and algorithmically
curated content platforms. To ensure longevity, the questionnaire is
designed so that platform names can be swapped with placeholders
(e.g., “a voice assistant such as ___,” “a social/media platform such
as ___”) to reflect future tools and local contexts.

Both questionnaires were extensively pilot tested and iteratively
refined with a group of children in the target age range (9 to
11) before being used. Our item development was grounded in
the theoretical and ethical frameworks reviewed earlier. PTT in-
formed the baseline predisposition construct. [40] et al.’s compe-
tence–benevolence–integrity model and affective–cognitive views
of trust guided the selection of child-friendly cues linked to abil-
ity, care, and confidence. Explainability and user-control frame-
works supported items examining understandability and agency
during interaction. Finally, UNCRC General Comment No. 25 [46],
5Rights [1, 11], and GDPR-K [18] principles shaped the inclusion of
fairness, safety, and data-awareness elements to reflect children’s
digital rights. Together, these guided the three facets we target:
competence, fairness, and comfort in child–AI interaction.

3.1.3 Procedure. After completing three demographic questions
(age, class year, gender), children completed the "Prior Knowledge
of AI" questionnaire, followed by the revised "Propensity to Trust"
questionnaire.

The questionnaires were implemented as Microsoft Forms sur-
veys and were accessible on individual tablet devices or school
laptops. The questionnaires were self-administered to ensure stan-
dardisation and to respect each child’s pace. The responses were
collected digitally and stored securely.

3.1.4 Results. (Study 1)
In the Prior Knowledge of AI Questionnaire (see Appendix

A), children were asked:
(Q1) Whether they had ever heard of AI. Their responses were:

Yes: n = 258 (89%), No: n = 18 (6.2%) and Not sure: n = 14 (4.8%).
Although AI familiarity is high across all genders, boys reported
the highest awareness (91.7%) while the ND group showed slightly
more uncertainty or lack of knowledge.

(Q2) “Have you ever used any of these tools?”, we found that
Alexa (Amazon) was the most frequently reported tool (n = 152),
followed by Siri (Apple; n = 135) and ChatGPT or similar systems
(n = 124). Educational robots (e.g., Cozmo, BeeBot) appeared less
often in children’s responses (n = 25), and 40 participants reported
not using any of the listed tools.

(Q3) “When you use these tools, do they seem intelligent to you?”,
most children perceived the tools as intelligent to some degree,
with 84.83% responding “Yes, a lot” or “A bit” (41.38%). Notably, 120
children selected “A bit,” suggesting that many recognised some
level of intelligence in AI, but in a more moderate and cautious
way. A smaller proportion reported uncertainty (“I don’t know”,
10.69%), and only a few (“No,” 4.48%). rejected the idea that the
tools were intelligent. These results indicate that children tend to
perceive AI as intelligence, although for a substantial subset, what

https://osf.io/tew95/overview?view_only=17011177642647538c46aa442828ca55
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"intelligence" means in the context of AI remains unclear or hard
to interpret.

(Q4) “What do you like to use technology for?”, children most fre-
quently reported listening to music (n = 157), learning (n = 148), and
playing games (n = 129). Talking to friends or familywas mentioned
by 102 participants, while 14 selected other uses, including several
unspecified “Other” responses (n = 14). These results suggest that
while entertainment-oriented activities (e.g., music, games) dom-
inate children’s technology use, educational purposes and social
connection also represent significant motivations. These motiva-
tions varied by gender. Girls reported using it more frequently to
listen to music, while boys reported using it more often for learning
and playing. Chi-square tests of independence were conducted to
assess gender differences in these preferences. The difference in
technology use for learning was not statistically significant. How-
ever, gender differences were significant for both listening to music,
𝜒2 (2, 𝑁 = 284) = 7.95, 𝑝 = .019, and playing, 𝜒2 (2, 𝑁 = 284) = 6.94,
𝑝 = .031.

(Q5) “Do you think that what a voice assistant says is always
true?”, children provided a range of responses: "I never thought
about it" was selected by 41 children (14 boys, 26 girls, 1 ND), "No"
by 52 children (28 boys, 20 girls, 4 ND), "Sometimes" by 147 children
(62 boys, 84 girls, 1 ND), and "Yes" by 50 children (28 boys, 21 girls,
1 ND).

Propensity to Trust results. To better understand children’s
overall attitudes toward intelligent systems, we computed descrip-
tive statistics for the revised PTT scale. These statistics offer a
snapshot of general trust levels across the full sample and help
contextualise subsequent psychometric analyses (see Table 4).

Responses to the six items (with Q2 reverse-coded) were av-
eraged per participant to obtain a composite trust score. On the
5-point scale, scores ranged from 1.17 to 4.67 (𝑀 = 2.83, 𝑆𝐷 = 0.64).
As illustrated in Table 2, the distribution was slightly skewed, with
a subgroup of children scoring below 2.33, reflecting relatively
low trust. Subsequent analyses examined potential gender-based
differences in trust.

Table 2: Descriptive Statistics for the revised Propensity to
Trust (PTT) Scale

Min 1st Qu. Median Mean 3rd Qu. Max
PTT Score 1.17 2.33 2.67 2.83 3.17 4.67

PTT Scale Reliability and Factor Structure. Internal consis-
tency of the PTT was assessed using Cronbach’s alpha, yielding a
raw alpha of .60, with a standardised alpha of .59 and an average
inter-item correlation of 𝑟 = .20, which is within but at the lower
end of the recommended range (.15–.50). The 95% confidence in-
terval for alpha, calculated using the Feldt method, ranged from
.52 to .67, indicating questionable internal consistency for the full
scale. Reliability diagnostics flagged Item 2 as a weak contributor. It
showed a low item–total correlation (𝑟 = .12) and a low item–rest
correlation (𝑟drop = .093). When Item 2 was removed, Cronbach’s
alpha improved to .64, supporting its exclusion to enhance scale
coherence.

An Exploratory Factor Analysis (EFA) using Maximum Likeli-
hood extraction and no rotation confirmed a single-factor solution,

consistent with the scale’s original validation. Five items (Q1, Q3,
Q4, Q5, Q6) loaded moderately to strongly on the extracted fac-
tor, with loadings ranging from .455 to .591. Item 2 did not load
substantially and showed a very low communality of .013, further
justifying its removal (see Fig. 3). The data were adequate for factor
analysis (KMO = .74; Bartlett’s test of sphericity, 𝜒2(15) = 158.65,
𝑝 < .001). The retained factor explained 22.6% of the total variance
with an eigenvalue of 1.36. Although the retained factor explained
only 22.6% of the variance, this is consistent with short scales that
intentionally capture diverse aspects of a construct. Rather than
indicating poor reflection of children’s trust, the modest variance
highlights the heterogeneity of children’s experiences with AI and
the breadth of the construct. Based on this analysis, the reduced
version of the PTT scale excluded Item 2 and retained the five
strongest items for subsequent analyses.

A Confirmatory Factor Analysis (CFA) was conducted to
evaluate the factor structure of the revised PTT scale in a child
sample. Based on prior reliability analysis, with Item Q2 excluded,
the remaining five items (Q1, Q3, Q4, Q5, Q6) were specified to load
on a single latent construct representing trust (see Fig. 2).

Model fit was assessed using maximum likelihood estimation.
The model demonstrated excellent fit: 𝜒2 (5) = 2.32, 𝑝 = .803, CFI =
1.00, TLI = 1.04, RMSEA = .000, 90% CI [0.000, 0.052], 𝑝 (RMSEA ≤
.05) = .945, and SRMR = .016. All fit indices exceeded conven-
tional thresholds, indicating that the hypothesised one-factor model
closely approximated the observed data in this child sample. The
scale demonstrated modest but acceptable internal consistency (𝛼
= .64, 𝜔 = .64, CR = .64; see Table 3).

Table 3: Reliability Estimates for the revised PTT Scale

Cronbach’s 𝛼 McDonald’s 𝜔 Comp. Rel. (CR)
PTT (5 items) .64 .64 .64

Standardised factor loadings ranged from .45 to .59, suggesting
moderate to strong associations between the items and the latent
construct. Squared multiple correlations (𝑅2) indicated that each
item accounted for 23–36% of its variance through the latent factor.
These final results of the revised PTT scale support the unidimen-
sional structure of the revised PTT and its psychometric adequacy
as a tool for measuring children’s general trust in intelligent sys-
tems.

Figure 2: Confirmatory factor analysis model showing the
single latent Trust factor and its standardised loadings onto
items Q1, Q3, Q4, Q5, and Q6. Loadings range from .45 to .59,
supporting a unidimensional structure of the PTT scale.
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While the revised five-item PTT scale demonstrates statistical
adequacy in model fit and internal consistency, the overall findings
indicate the limited conceptual scope and developmental misalign-
ment of the original scale, originally developed for adults, when
applied to children. These issues, particularly the low reliability and
poor variance explained, stress the need to develop a new, develop-
mentally appropriate questionnaire that captures the multidimen-
sional nature of children’s trust in intelligent systems, including
aspects such as transparency, perceived fairness, and emotional
safety.

Table 4: Descriptive statistics for each item of the Propensity
to Trust questionnaire administered to children.

Item Mean SD Min Max Median

Q1 2.61 1.00 1 5 2
Q2 3.54 0.99 1 5 4
Q3 2.54 1.24 1 5 2
Q4 2.25 0.97 1 5 2
Q5 3.02 1.09 1 5 3
Q6 3.05 1.31 1 5 3

Figure 3: Inter-item correlation matrix for the six items of
the PTT questionnaire. Coloured tiles and numerical values
indicate the strength and direction of Pearson correlations
between items.

3.2 Study 2
Building on Study 1, which established a general dispositional trust
baseline, Study 2 focused on domain-specific dispositional trust in
intelligent systems, probing children’s beliefs about safety, fairness,
and privacy in relation to “intelligent systems”. These responses
informed the refinement of the K-AI scale and laid the groundwork
for the situational, post-interaction trust items introduced in the
later study.

The aim of study 2 was to better understand how the interac-
tion with an AI system might influence children’s trust. The study

involved having children interact with an AI ChatGPT and then
answer a newly developed questionnaire: the preliminary K-AI
Trust Questionnaire, which can be found in Appendix C.

3.2.1 Participants. Study 2 involved a subset of 85 children from
Study 1 (see Tab 5). Although we would have hoped to include all
the children in Study 1, the constraints of the end of the school year
made this impossible.

Table 5: Sample 2 Participant Demographics

Gender Count Mean Age SD Age

Boy 43 10.58 0.50
Girl 42 10.52 0.51

3.2.2 Materials.

K-AI Trust Questionnaire (Preliminary version). The prelimi-
nary version of the questionnaire was developed to assess children’s
post-interaction perceptions of AI systems, focusing on dimensions
such as trust, perceived usefulness, transparency, fairness, emo-
tional safety, control over personal data, and the quality of their
experience with the AI system, including aspects related to ease
of use, enjoyment, and perceived safety (see Appendix C for the
full questionnaire). The questionnaire was based on earlier psy-
chometric findings, informed by key principles from child rights
and AI ethics frameworks, including UNCRC General Comment
No.25 [46] and the 5Rights principles [11], which stress the need for
age-appropriate, explainable, and rights-aligned technology design.

To ensure developmental appropriateness, we adapted item lan-
guage and response formats based on established recommendations
for survey research with children aged 9-11 [2]. The questionnaire
was then pilot tested with a small group of ten children within the
target age group to check for clarity, engagement, and comprehen-
sion in line with children’s cognitive and emotional understand-
ing. This informal testing led to minor revisions in wording and
structure. Additionally, we consulted with the school’s teachers
and headteacher during the design process to ensure the question-
naire’s developmental appropriateness and relevance. For instance,
the original PTT item “I usually trust computers until they make
mistakes” was adapted into “Do you think intelligent systems can
make mistakes?” (item Q4 in the preliminary K-AI Trust), shifting
the focus from self-reported disposition to a direct judgment about
AI behaviour. Similarly, “For the most part, I distrust computers or
systems like Alexa, Siri” was reframed as “Do you think that smart
systems like Alexa or platforms like TikTok are safe to use?” (item
Q1 in the preliminary K-AI Trust), a wording that is both simpler
and aligned with children’s daily digital environments.

Other adaptations involved broadening the functional framing
of PTT items into evaluative judgments. For example, “In general, I
would rely on a computer to assist me” became “Do you think that
smart systems like ChatGPT are useful?” (item Q3 in the prelim-
inary K-AI Trust). The PTT item “I am likely to trust a computer
even when I have little knowledge about it” was inverted into two
positively framed questions emphasising transparency: “Would
you trust intelligent systems more if you knew exactly how they
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worked?” (item Q8 in the preliminary K-AI) and “Would you trust
intelligent systems more if you knew exactly how they were using
your data?” (item Q9 in the preliminary K-AI). Two PTT items,
“My tendency to trust computers is high” and “It is easy for me to
trust computers to do their job”, were not retained. Both rely on ab-
stract, self-reflective language that is developmentally demanding
for younger respondents, and their conceptual content was partly
redundant with other items addressing usefulness, reliability, and
error recognition. To ensure developmental appropriateness and
reduce redundancy, these items were excluded in favour of more
concrete, contextually grounded questions.

Initially, the full questionnaire comprised 14 questions in total. Of
these, 11 closed questions were statistically analysed and included
in the psychometric analysis, while the remaining three questions
were analysed qualitatively, due to their open-ended nature (see
Appendix C for the full questionnaire).

3.2.3 Procedure. Data collection was carried out within the school
setting during regular class hours, in close collaboration with teach-
ers and school administrators. Children were invited to interact
individually with ChatGPT-4o, accessed via a laptop in the school’s
entrance hall. The interaction was supervised by a researcher and
designed to last only a few minutes. Children were instructed to
use voice commands to ask the system at least two math-related
questions of their own choosing. The questions varied in complex-
ity: some children posed simple arithmetic problems (e.g., 2 + 7),
while others asked more complex operations (e.g., 2345 × 569) and
still others provided short math problems to solve (e.g., “If you have
3 apples and you get 2 more, how many apples do you have in
total?”).

This setting allowed us to observe how children approached the
system and how they responded to its behaviour. Depending on
ambient noise and input phrasing, ChatGPT did not always produce
correct answers, which in turn elicited diverse reactions from the
children including surprise, amusement, and confusion. These brief
interactions served as a context for eliciting children’s immediate
impressions of the system’s capabilities and trustworthiness.

For GDPR compliance and school data protection policies, a
GoPro 4 webcam was used to capture only audio, ensuring no
facial data were recorded. Following the interaction, children were
directed to a second set of devices (tablets, laptops, mobile phones)
at a different table, where they completed the preliminary version
of the K-AI Trust Questionnaire. Responses were collected digitally
and stored securely.

3.2.4 Results.

K-AI Trust Questionnaire (preliminary version). The overall trust
score was calculated by averaging responses across the 11 closed
items items, which were coded on a 5-point ordered response scale
(1–5). Descriptive analysis revealed a moderate level of trust with
limited dispersion in responses (see Tab. 6).

Table 6: Descriptive Statistics for the Preliminary K-AI Trust
Questionnaire

Mean Median SD Variance
K-AI Trust Score 2.72 2.73 0.49 0.24

Exploratory Factor Analysis and Scale Refinement. To in-
vestigate the dimensionality of the preliminary K-AI Trust, an Ex-
ploratory Factor Analysis (EFA) was conducted using oblique (pro-
max) rotation. Initial reliability analysis of the 11-item scale revealed
low internal consistency (Cronbach’s 𝛼 = .46). After reverse-coding
negatively worded items (Q8 and Q9), reliability improved substan-
tially (𝛼 = .67; standardised 𝛼 = .67). Guttman’s 𝜆6 was .72. The
average inter-item correlation was 𝑟 = .16, which falls within the
low to moderate range, suggesting that while items relate to a
common construct, they may reflect slightly diverse aspects of
trust. After removing items Q8, Q10, and Q11, internal consistency
improved to an acceptable level (Cronbach’s 𝛼 = .70). We then
conducted a parallel analysis to determine the underlying factor
structure. The result suggested a two-factor solution for factor re-
tention (see Fig. 4), although a single-factor model also appeared
plausible. The EFA identified two interpretable components: the
first reflected Reliability and Usefulness, and the second captured
Transparency and Critical Awareness. However, several items dis-
played poor psychometric properties:

• Q4: Low communality (ℎ2 = .33).
• Q6: Very low communality (ℎ2 = .03).
• Q7: Very low communality (ℎ2 = .02).

Figure 4: Parallel analysis scree plot for the preliminary K-AI
Trust Questionnaire. The eigenvalues of the actual data (blue
line with triangles) exceed those of the simulated and resam-
pled data (red lines) only for the first component, suggesting
the retention of a single factor.

A refined eight-item version of the scale was created by excluding
problematic items. In this model, Q1–Q5 and Q9 loaded strongly on
the Reliability and Usefulness factor, with loadings going from .49 to
.63, while Q6, Q7 captured Transparency and Critical Awarenesswith
loadings ranging from .54 to .74. This revised structure explained
38% of the total variance, an improvement over the original 11-item
version (20%), and yielded clearer factor separation.

Each subscale was tested for internal consistency. The Reliabil-
ity and Usefulness subscale (Q1–Q5 and Q9) demonstrated accept-
able reliability (𝛼 = .73; standardized 𝛼 = .73; average inter-item
𝑟 = .13; Guttman’s 𝜆6 = .57), while the Transparency and Crit-
ical Awareness subscale (Q6 and Q7) showed comparable perfor-
mance (𝛼 = .62; standardised 𝛼 = .62; average inter-item 𝑟 = .45;
Guttman’s 𝜆6 = .45). Factor loadings were generally moderate, rang-
ing from .16 to .64. Communalities varied widely, from 0.13 to 0.94
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reflecting heterogeneity across items. Although these coefficients
are modest, they are consistent with early-stage or exploratory scale
development. These results support a multidimensional interpreta-
tion of children’s attitudes toward intelligent systems, suggesting
that trust and awareness function as distinct but related constructs.
This refined two-factor structure was adopted for subsequent con-
firmatory analyses and for use in future iterations of the K-AI Trust
scale.

Confirmatory Factor Analysis of the preliminary version
of the K-AI Trust Questionnaire. A confirmatory factor anal-
ysis (CFA) was conducted using maximum likelihood estimation
via the lavaan package (v0.6-19) to evaluate the structure of eight
questionnaire items intended to measure children’s trust in in-
telligent systems. Based on previous exploratory findings, a two-
factor model was specified, with Reliability_Usefulness (Q1–Q5 and
Q9) and Data_Control (Q6-Q7) as correlated latent constructs. The
model was estimated using data from 85 participants, with one miss-
ing data pattern handled via full information maximum likelihood
(FIML).

Parameter Estimates. All items loaded onto their respective fac-
tors, though some with weaker or problematic estimates:

• Reliability_Usefulness: Q1 = .53, Q2 = .62, Q3 = .41, Q4
= .64, Q5 = .61, Q9 = –.54

• Transparency: Q6 = 0.56, Q7 = .77
Q6 and Q7 loaded on the Transparency factor, with Q6 showing

an anomalously high standardised loading (𝜆 = 1.23) indicative
of a Heywood case, and Q7 displaying a more moderate loading
(𝜆 = .49). The residual variance for Q7 was relatively high (Var =
.76), suggesting that it captures substantial unique variance, while
the variance for Q6 could not be reliably estimated. The two latent
factors were moderately correlated (𝑟 = .58, 𝑝 < .001), indicating
related but distinct dimensions.

Model Fit. The one-factor model showed very poor fit, 𝜒2 (20) =
80.85, 𝑝 < .001, CFI = .69, TLI = .56, RMSEA = .19, 90% CI [.15, .24],
SRMR = .14. The two-factor model provided a better fit, 𝜒2 (19) =
35.85, 𝑝 = .011, CFI = .91, TLI = .87, RMSEA = .10, 90% CI [.05, .15],
SRMR = .10, though it still failed to reach conventional thresholds
for adequate fit, reflecting the limited number of items loading on
the Transparency factor.

Table 7: Model fit indices for the two-factor CFA model

Fit Index Value
𝜒2scaled (19) 35.85, 𝑝 = .011
Comparative Fit Index (CFI) .913
Tucker–Lewis Index (TLI) .871
RMSEA .103, 90% CI [0.048, 0.154]
SRMR .097

Despite that, the factor loadings aligned with the intended dis-
tinction between reliability/usefulness and transparency/awareness
(see Tab. 8). While fit indices1 fell short of conventional thresholds,
1Fit indices are reported using robust estimators (WLSMV). Although the two-factor
model did not reach conventional thresholds for good fit (Robust CFI = .913, TLI = .871,

the model was built on theoretical grounds, providing preliminary
support for the proposed tool and underscoring the need for further
item refinement.

Table 8: Standardised factor loadings and residual variances
for the two-factor CFA model.

Item Factor Stand. Loading Resid. Var.

Q1 Reliability_Usefulness 0.596 0.645
Q2 Reliability_Usefulness 0.655 0.558
Q3 Reliability_Usefulness 0.530 0.719
Q4 Reliability_Usefulness 0.695 0.517
Q5 Reliability_Usefulness 0.665 0.558
Q9 Reliability_Usefulness 0.545 0.704
Q6 Transparency 1.229 NA
Q7 Transparency 0.493 0.757

Validity analysis showed that Reliability_Usefulness had mar-
ginal reliability (CR = .65) and insufficient convergent validity (AVE
= .38 < .50). The Transparency factor (Q6 and Q7), yielded a Hey-
wood case, preventing meaningful AVE and CR estimates. In sum,
Reliability_Usefulness is only partly coherent and Transparency is
psychometrically unstable and needs substantial item revision, in-
cluding item refinement or the addition of further indicators, to
adequately represent the intended construct.

Latent Variable Correlation. The estimated correlation between
the two latent constructs was weak and positive (𝑟 = .09), indicating
that children’s evaluations of Reliability_Usefulness were largely
independent from their perceptions of Transparency. This result
suggests that the two factors are empirically distinct, though the
instability of the Transparency factor, defined by only two items and
affected by a Heywood case, limits the reliability of this estimate.
Nonetheless, the emergence of a separate factor alongside Relia-
bility_Usefulness provides preliminary support for the theoretical
distinction between functional reliability/usefulness and ethical
dimensions such as fairness and data control. These findings under-
score the need for further item refinement and expansion to obtain
stable and interpretable estimates of the relationship between these
dimensions.

Quantitative Analysis. We conducted a thematic analysis of re-
sponses to two open-ended questions to gain insight into children’s
real-world interactions with AI systems: Q13 "What have you used
ChatGPT for?" and Q14 "Do you think these systems are intelligent"?
These questions were designed to uncover both behavioural and
perceptual dimensions of children’s experiences with intelligent
systems.

Children’s Use of ChatGPT. Children’s responses to the open-
ended question “What have you already used ChatGPT for?” (Q13)
were analysed thematically and grouped into seven categories. The
most frequently reported use was homework support, underscor-
ing ChatGPT’s perceived value as a learning aid. Many children

RMSEA = .103, SRMR = .097), it is retained on theoretical grounds, with the recognition
that further item refinement is needed, particularly for the Transparency factor, which
is defined by only two indicators.
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also stated they had never used the tool, revealing differing lev-
els of familiarity within the sample. Other responses reflected a
range of creative and exploratory uses, such as generating drawing
ideas, storytelling, seeking information, and satisfying curiosity.
Some children described multiple purposes, e.g., using ChatGPT
for both educational and playful activities, while a smaller number
mentioned emotional or entertainment-oriented interactions, for
example, seeking comfort: ‘When my best friend didn’t want to be
with me anymore, she, let’s say, [the AI], consoled me.’”

These themes show that children engage with conversational
AI in different ways. The identified categories range functional,
imaginative, and affective dimensions, shedding light on children’s
emerging mental models of AI and the diverse contexts in which
trust may begin to take shape.

• Homework: School-related uses such as solving math prob-
lems, writing assignments, or receiving help with grammar.

• Creativity: Imaginative or original tasks, like inventing
rhymes, generating or transforming multimedia content, e.g.,
turning photos into cartoons, composing poems.

• Play: Recreational uses including playful dialogue, games,
or exploring the system for fun.

• Curiosity: Exploratory behaviour aimed at testing the sys-
tem’s capabilities or understanding how it works.

• Research: Seeking factual information or asking knowledge-
based questions (e.g., “Where is Vienna?”).

• Never Used: Children reporting no prior interaction with
ChatGPT due to lack of access, interest, or opportunity.

• Entertainment: Children using ChatGPT for playful or
leisure activities such as games or jokes.

• Emotional support: Children describing ChatGPT as a
source of comfort, companionship, or reassurance in mo-
ments of social or emotional need.

Figure 5: Thematic Categorisation of Children’s Responses
to Q13 ("What have you used ChatGPT for?")

Perceptions of Intelligence. Children’s responses to the question
“Do you think these systems are intelligent?” (Q14) were analysed
thematically and grouped into five main categories:

• High Perceived Intelligence – Children explicitly describe
the system as smart, capable, or comparable to human cog-
nition.
Example: “Yes, it answers everything!”

• Moderate Perceived Intelligence – Mixed or hesitant re-
sponses about the system’s intelligence.
Examples: “A bit”, “More or less”

• Low Perceived Intelligence / Distrust – Clear skepticism
about the system’s intelligence or trustworthiness.
Example: “I don’t trust it”

• Attribution to Human Creation – Explanations attribut-
ing system performance or limitations to its human origin.
Example: “No, because a human made it”

• Uncertainty / Ambivalence – Vague, unclear, or ambigu-
ous answers showing indecision or unfamiliarity. Example:
“I don’t know”, "I’m not sure"

The majority of responses (n = 81, 30.9%) fell under High Per-
ceived Intelligence, in which children explicitly described AI sys-
tems as smart, capable, or comparable to human cognition (e.g., “Yes,
it answers everything!”). A substantial proportion (n = 70, 26.7%)
expressed Moderate or Uncertain Perceived Intelligence, using qual-
ified terms such as “a bit,” “more or less,” or “I don’t know,” reflecting
ambivalence or developmental hesitancy in judging technological
capability.

Some children expressed Low Perceived Intelligence or Distrust
(n = 49, 18.7%), voicing clear skepticism or rejection of AI’s intelli-
gence, often citing limitations or past negative experiences (e.g., “I
don’t trust it”). A similar category, Attribution to Human Creation
(n = 35, 13.4%), included children who reasoned that because AI
was made by humans, it could not truly be intelligent (e.g., “No,
because a human made it”). Finally, Uncertainty or Ambivalence
responses (n = 27, 10.3%) reflected confusion or unfamiliarity, often
with brief or unclear statements.

These results suggest that children think about AI’s intelligence
in very different ways, and that many already take a fairly critical
or reflective stance toward these systems. The fact that nuanced
and even sceptical views appear among younger children as well
underlines the need to build in clear explanations and trust-building
features when designing AI systems for children.

3.3 Study 3
Study 3 finalised the validation of the K-AI Trust scale when ad-
ministered immediately after child–AI interaction, confirming its
factor structure and reliability. In this context, the K-AI scale cap-
tures post-interaction, domain-specific trust in intelligent systems,
including situational aspects that children can readily articulate,
whereas the revised PTT scale remains our purely dispositional
baseline, used only in Study 1.

Based on limitations in internal consistency and factor struc-
ture of the previous questionnaires, a new 9-item trust scale was
developed: the final K-AI Trust Questionnaire (see Appendix D).

3.3.1 Participants. Study 3 involved a subset of 85 children drawn
from the same sample as Study 1, and largely overlapping with
the sample for Study 2 (see Tab 9). There were minor variations in
gender distribution due to differences in attendance on the day of
data collection; however, the age range and school setting remained
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consistent across samples, ensuring comparability in the analysis.
A subset of participants from Studies 1 and 2 also participated in
Study 3 where the materials and interaction scenarios were differ-
ent from earlier to avoid potential for familiarity with the setting
and task structure and mitigate practice or recognition effects. Addi-
tionally, responses capture post-interaction trust, which is expected
to be context-sensitive rather than memorisation-driven, further
reducing the likelihood of repeated-exposure bias. At the same time,
partial sample overlap supports comparability across iterations by
holding school context and cohort characteristics constant, which
reduces between-group variability during item refinement.

Table 9: Sample 3 Participant Demographics

Gender Count Mean Age SD Age

Boy 39 10.1 0.72
Girl 46 10.02 0.8

3.3.2 Materials. Following an exploratory factor analysis of the
preliminary version of the K-AI Trust questionnaire, administered
in Study 2, a new version of the K-AI Trust questionnaire was de-
fined based on this new modification. To strengthen the internal
consistency of this new scale, we retained the most robust items,
those with strong item-total correlations and a positive contribu-
tion to Cronbach’s alpha. Additionally, three high-loading items
from the modified PTT questionnaire, which had demonstrated
acceptable reliability, were rephrased in a child-friendly manner
and integrated into the revised questionnaire, the final K-AI Trust
Questionnaire that can be found in Appendix D. Specifically, from
the preliminary to the final version of the K-AI Trust Questionnaire,
we retained items addressing safety, privacy, usefulness, mistakes,
permission, and data use, while removing those on harm and fair-
ness, which were less developmentally suitable. To strengthen the
construct coverage, we introduced three items adapted from the
PTT questionnaire. Specifically, Final Q8 (“Would you rely on a
computer to help you?” ) reflects PTT Q3 on reliance, Final Q9 (“Are
you likely to trust a computer even if you don’t know how to use it?” )
parallels PTT Q6 on trusting stance, and Final Q5 (“Would you trust
intelligent systems more if you knew exactly how they worked?” )
echoes the PTT’s focus on transparency as a precondition for trust.
These adaptations resulted in a balanced 9-item instrument that
combines child-centred concerns (safety, privacy, usefulness) with
dispositional dimensions of trust established in prior scales.

This final data collection enabled psychometric testing and ex-
ploratory factor analysis to assess the internal structure and relia-
bility of the updated questionnaire (see Table 9). As with the other
studies, the questionnaire was delivered online via a secure form,
and the responses were collected further to assess the reliability
and structure of the updated scale.

3.3.3 Results.

Validation of K-AI Trust Questionnaire. This section explains the
validation process and psychometric properties of the final K-AI
Trust questionnaire. The validation included reliability analysis,
exploratory and confirmatory factor analysis, construct validity,
and measurement invariance testing across gender and age groups.

K-AI Trust Questionnaire Results. The scale included 9 items, each
rated on a 5-point ordered response scale. The overall trust score,
computed as the average of participants’ responses across items,
was𝑀 = 3.03, 𝑆𝐷 = 0.67, with a median of𝑀𝑑𝑛 = 3 and a variance
of 𝑉𝑎𝑟 = 0.46, indicating a moderate level of trust with moderate
variability in responses, and was normally distributed (W = 0.98, p =
.388). The mean item scores ranged from 2.33 to 4.05, with standard
deviations between 1.05 and 1.44. The highest mean was observed
for Q4 (“M” = 4.05, SD = 1.38), while Q2 had the lowest (“M” = 2.33,
SD = 1.15).

Exploratory Factor Analysis EFA. To assess the internal con-
sistency of the K-AI Trust Questionnaire, we conducted a series of
psychometric evaluations. The scale demonstrated good reliability
and internal consistency, with Cronbach’s alpha = .72 (standardised
𝛼 = .73), Guttman’s 𝜆6 = .76, 95% CI [.62, .80], and an average
inter-item correlation of 𝑟 = .23, indicating a moderate level of
homogeneity among items [63].

Table 10: Reliability if an item is dropped

Item Raw 𝛼 Std. 𝛼 G6 (smc) Avg. 𝑟 S/N SE Var. 𝑟

Q1 0.68 0.71 0.71 0.21 2.09 0.05 0.031
Q2 0.71 0.72 0.74 0.24 2.58 0.047 0.025
Q3 0.70 0.71 0.75 0.23 2.51 0.042 0.0131
Q4 0.76 0.76 0.78 0.28 3.25 0.038 0.016
Q5 0.67 0.68 0.72 0.21 2.12 0.05 0.029
Q6 0.65 0.67 0.70 0.20 2.01 0.057 0.028
Q7 0.67 0.68 0.72 0.21 2.12 0.05 0.034
Q8 0.68 0.69 0.73 0.22 2.27 0.05 0.033
Q9 0.69 0.70 0.73 0.22 2.33 0.05 0.031

An item-level analysis (see Table 10) showed that most items
contributed positively to internal consistency. Removing individual
items resulted in only marginal changes to Cronbach’s alpha (range:
𝛼 = .68 to .76), reinforcing the general coherence of the scale.
However, Item Q4 showed poor psychometric performance, with a
negligible factor loading (𝜆 = .07), very low item-total correlation
(𝑟drop = .02), and a high proportion of extreme responses. These
indicators suggest that Q4 may not adequately reflect the latent
trust construct and could benefit from rewording or conceptual
clarification.

To further examine the underlying structure of the K-AI Trust
Questionnaire, we conducted an exploratory factor analysis (EFA)
using principal axis factoring with varimax rotation. Parallel anal-
ysis supported a unidimensional solution, with the first factor ex-
ceeding the eigenvalue threshold set by simulated data.

The one-factor solution accounted for 31.8% of the total variance
and produced factor loadings ranging from .42 to .71. Most items
loaded moderately to strongly on the latent trust factor, confirming
their contribution to the core construct. However, consistent with
the reliability findings, Q4 showed the weakest loading and lowest
communality, indicating potential conceptual or phrasing issues.

A heatmap of factor loadings (see Fig. 7 and Tab. 11) visually rein-
forced these results, showing that all items contributed positively to
the main factor except Q2 and Q4, which diverged from the general
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pattern. Despite these concerns, the one-factor solution remains
theoretically coherent and psychometrically justifiable, offering a
parsimonious model of children’s trust in intelligent systems. We
explored the impact of removing Q2 and Q4, which resulted in
improved internal consistency (Cronbach’s 𝛼 = .76; standardised
𝛼 = .76; Guttman’s 𝜆6 = .76; average inter-item correlation = .29).

Figure 6: Final factor structure of the K-AI Trust Question-
naire. Exploratory factor analysis (EFA) with one factor solu-
tion indicated that seven items (Q1, Q3, Q5, Q6, Q7, Q8, Q9)
loaded on a single latent construct of trust. Factor loadings
ranged from .40 to .70, suggesting that all items contributed
meaningfully to the latent factor.

Figure 7: Heatmap of Pearson correlations between items
in the new trust questionnaire (Q1–Q9). Darker blue shades
indicate stronger positive correlations, while reddish hues
indicate negative correlations. Diagonal values represent per-
fect self-correlation (r = 1).

Confirmatory Factor Analysis (CFA). A one-factor CFAmodel
was tested using robust maximum likelihood estimation (MLR).
Model fit indices showed poor results: 𝜒2 (14) = 32.90, 𝑝 < .003,

Comparative Fit Index (CFI) = .84, Tucker-Lewis Index (TLI) = .76,
Root Mean Square Error of Approximation (RMSEA) = .13, and
Standardised Root Mean Square Residual (SRMR) = .09. All stan-
dardised loadings were significant (𝑝 < .001) and ranged from .35
to .71 (see Table 11).

To further evaluate the factor structure, a two-factor CFA model
was also tested, grouping items into usefulness and perceived trans-
parency dimensions. This model did not yield better fit indices
compared to the one-factor solution (𝜒2 (26) = 55.20, 𝑝 = .001, CFI
= .80, TLI =.73, RMSEA = .12, SRMR = .09). Information criteria (AIC
= 2362.52, BIC = 2408.93) were higher for the two-factor solution
compared to the one-factor model (AIC = 1814.79, BIC = 1848.99),
further indicating that the two-factor structure was not preferable.
In the final CFAmodel, standardised loadings ranged from .41 to .73,
with all items exceeding the recommended threshold of .40, except
Q4, which loaded very weakly (.07) and was therefore excluded (see
Table 11).

Table 11: Standardised Factor Loadings from Confirmatory
Factor Analysis

Item Standardized Loading

Q1 0.614
Q2 0.410
Q3 0.413
Q4 0.071
Q5 0.683
Q6 0.732
Q7 0.557
Q8 0.444
Q9 0.407

Given the more parsimonious structure, theoretical coherence,
and comparable fit, the one-factor model was retained.

Construct Validity. To examine convergent validity, we calculated
Composite Reliability (CR) and Average Variance Extracted (AVE)
for the final unidimensional K-AI model. CR was acceptable (.76),
indicating good internal consistency. AVE was lower (.30), which
suggests that items share less common variance than ideal. This
pattern is common for early-stage child instruments and likely
reflects the developmental diversity in how children read trust
cues. Overall, the scale is reliable and shows partial evidence of
convergent validity, appropriate for a first-iteration tool.

We also assessed discriminant validity between dispositional
trust (PTT) and situational trust as measured by K-AI. The cor-
relation between the trust scores was small and non-significant,
r(83) = –.14, p = .22, with a wide confidence interval (–.34, .08),
indicating no stable association. This supports the interpretation
that K-AI captures a distinct, interaction-shaped judgment that is
not reducible to children’s baseline attitudes toward computers.
Thus, K-AI demonstrates clear discriminant validity relative to an
adapted dispositional trust measure.

Measurement InvarianceMeasurement invariance across gen-
der (female vs. male) and age groups (9 vs. 10–11) was tested using
multigroup CFA with robust estimation (Satorra-Bentler correc-
tions).
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Gender Invariance. Chi-square difference testing showed no sig-
nificant differences across configural, metric, scalar, and strict mod-
els (Δ𝜒2 (6) = 5.95, 𝑝 = .43 for metric).

Measurement invariance across gender was supported. The con-
figural model showed acceptable though modest fit (CFI = .79, RM-
SEA = .15, SRMR = .10), and fit indices remained stable for the
metric (CFI = .78, RMSEA = .14, SRMR = .11), scalar (CFI = .79,
RMSEA = .13, SRMR = .12), and strict models (CFI = .81, RMSEA =
.11, SRMR = .12).

Age Group Invariance. Measurement invariance was also sup-
ported across age groups (Δ𝜒2 (12) = 7.70, 𝑝 = .81 for metric).

Similarly, measurement invariance was supported across age
groups. The configural model indicated adequate fit (CFI = .78,
RMSEA = .16, SRMR = .11), which improved incrementally across
the metric (CFI = .80, RMSEA = .13, SRMR = .14), scalar (CFI = .83,
RMSEA = .11, SRMR = .14), and strict models (CFI = .86, RMSEA =
.09, SRMR = .14).

The final K-AI Trust questionnaire, with seven items, is shorter,
more focused, and developmentally tailored. Items were rephrased
from abstract ethical reflections to concrete, experience-based trust
judgments, ensuring children could understand and answer mean-
ingfully (see Appendix D).

4 Discussion
This study set out to develop and validate a child-centred tool to
assess trust in intelligent systems, addressing a gap in HCI and
child–AI research. Although “trustworthy AI” features prominently
in policy frameworks such as the EU AI Act, we still lack empirical
tools that capture children’s own perspectives. Our mixed-method,
iterative process combined psychometric refinement and thematic
analysis to address this gap. Below we discuss the results through
our two guiding research questions. We interpret trust as operat-
ing at two related levels. Dispositional trust, measured with the
child-adapted PTT in Study 1, reflects children’s general, trait-like
tendency to trust technology. By contrast, the K-AI measures in
Studies 2 and 3 tap post-interaction, domain-specific trust in intel-
ligent systems: children answer immediately after engaging with
an AI system, so their judgments about safety, usefulness, fairness,
and data use are coloured by that specific experience. In this way,
K-AI captures situational aspects of trust that children can readily
report, for example whether, in this context, the system felt safe,
fair, and worth relying on. This trait–state inspired framing helps
position our work within child-centred HCI and provides tools for
evaluating trust grounded in children’s lived experience with AI.

RQ1: Which dimensions best capture the trust construct
when creating a child-centred scale within the questionnaire?

Across the three studies, trust levels remained moderate, with
mean scores of 𝑀 = 2.83 (Revised PTT), 𝑀 = 2.72 (Preliminary
K-AI Trust), and 𝑀 = 3.03 (Final K-AI Trust). Children did not
over-trust or distrust the AI; most adopted a cautious and balanced
stance, mixing practical experience with an emerging ethical sense.

The adapted PTT produced moderate trust scores but low inter-
nal consistency (𝛼 = .59). Abstract, adult-centric items (e.g. Q4 “My
tendency to trust computers is high” ), were poorly understood and
displayed weak factor loadings. This stressed the clear mismatch
between adult metrics and how children reason about technology,

which often centres on relational and emotional signals like friend-
liness or tone.

The preliminary K-AI Trust Questionnaire introduced items cov-
ering performance and ethical aspects, yielding a tentative two-
factor structure: (1) Usefulness and Reliability and (2) Transparency
and Critical Awareness. Although conceptually consistent with cur-
rent HCI debates, the two dimensions were moderately correlated
(𝑟 = .58, 𝑝 < .001), and cross-loadings suggested that children eval-
uated AI more holistically, less as separate components and more
as an integrated experience [3]. The first factor mainly captured
helpfulness and consistency, while the second reflected data use
and system understanding. This twofold structure resonates with
the idea of calibrated trust [32] and recent work on children’s multi-
dimensional evaluations of AI [23], but it offered limited statistical
advantage.

In response, we refined the scale, simplified language, removed
redundancy, and grounded items in children’s everyday lived ex-
periences with AI. The resulting nine-item K-AI supported a uni-
dimensional structure and showed improved reliability (𝛼 = .75,
𝜆6 = .77). Developmental psychology suggests that children this
age often integrate multiple cues when judging objects, so a single,
coherent factor is theoretically aligned and more parsimonious
[4, 16, 49].

Qualitative data confirm this interpretation. Children described
AI as “helpful,” “friendly,” or “understanding,” mixing functionality
with how the interaction felt. Many linked trust to personal use,
schoolwork help, searching for information, or playful exploration.
A smaller group described the AI in more relational terms, some-
times as a companion. These accounts show that trust is shaped
not only by performance but also by social and emotional meaning-
making, raising ethical questions about the roles these systems play
in children’s lives.

PTT and K-AI are related but not interchangeable. PTT offers
only a rough baseline of general trust and still includes terminology
that does not reflect how children encounter AI today. K-AI captures
trust built during the interaction itself and aligns more closely
with children’s lived experiences. Correlations between the two
were small to moderate, consistent with the idea that they assess
different levels of trust. Younger children may require alternative
formats (e.g., visual scales), and future work should explore how
trust develops across age. The adapted PTT likely needs substantial
redesign, whereas K-AI provides a clearer foundation for assessing
situational trust.

RQ2: How do children interpret and respond to items re-
lated to ethical AI principles (e.g., consent, data use) within
a trust questionnaire context?

Ethical concerns, especially consent and data use, emerged in
both the questionnaire and children’s explanations. Although one
consent-related item performed poorly, the underlying construct
is central to children’s digital agency and should remain part of
future iterations, with clear wording. Qualitatively, many children
expressed discomfort about systems “taking things without ask-
ing,” showing intuitive awareness of personal data and ownership.
Others framed AI as a “memory helpner,” linking support with
questions of fairness or privacy. Children clearly think about these
issues in concrete, experience-based ways rather than abstract pol-
icy terms. These findings highlight why situational measures matter.
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When children judge trust, they consider fairness, data practices,
and ease of understanding during the actual interaction, factors
that trait-based tools like PTT do not capture.

Overall, children’s trust evaluations were holistic and ethically
aware. They recognised principles such as consent, fairness, and
privacy, but only when phrased concretely. This stresses the need
for child-centred questionnaires that reflect how children include
ethical principles into their lived experiences of AI.

Our framework translates child-rights principles (e.g., fairness,
agency, privacy) and classical trust constructs (competence, rela-
tional confidence) [39, 40] into measurable items. This strengthens
construct validity and clarifies how ethical and cognitive concepts
can be expressed in child-appropriate ways.

For RQ1, the evidence supports a developmentally coherent uni-
dimensional construct of trust, reflecting children’s integrated eval-
uations. For RQ2, children recognised ethical principles like consent
and fairness, though items require careful framing to ensure com-
prehension. The final K-AI Trust Questionnaire demonstrates both
psychometric stability and ecological validity, while highlighting
areas, particularly digital agency, for future refinement.

Design Implications. Designers should view children’s trust in
AI as a dynamic, relational process shaped by developmental con-
text. This means designing for emotional resonance, transparency,
and agency in addition to functionality. The validated K-AI Trust
questionnaire can be used within iterative design cycles to evaluate
how child-facing AI systems, such as educational tutors or well-
being apps, are perceived. Importantly, items on ethical principles
show that children can engage with concepts like privacy and con-
sent, but only when framed concretely (e.g., “asking before taking”
rather than “data sharing”). Designers should therefore translate
abstract ethical requirements into relatable interactions to foster
comprehension and trust.

Research Implications. Beyond addressing current limitations,
our findings suggest several directions for advancing research on
children’s trust in AI:

• Cross-cultural theorisation - Future studies should not
only validate the scale in diverse contexts but also examine
how cultural and educational norms shape children’s trust
constructs.

• Methodological expansion - Combining self-report with
behavioural and observational methods can generate richer,
multi-layered accounts of how trust unfolds in practice.

• Developmental pathways - Longitudinal research can
trace how trust trajectories evolve with age, digital literacy,
and repeated exposure to AI, clarifying when multi-factor
models may emerge.

• Ethical constructs in focus - Items capturing digital agency
(e.g., consent, data ownership) should be refined through
co-design and cognitive interviewing, ensuring that ethical
salience is retained in developmentally accessible ways.

Our findings highlight the importance of moving beyond adult-
centric assumptions. The K-AI Trust questionnaire represents a
meaningful step toward child-informed, developmentally grounded
evaluation of AI systems. The two-level approach—dispositional
PTT plus situational K-AI—offers a simple strategy for understand-
ing children’s baseline attitudes and experience-based trust. At the

same time, the limits of the adapted PTT show the need for renewed
dispositional measures that reflect how children actually encounter
AI today.

5 Future work
While this study advances the development of child-centred trust
measures for intelligent systems, several limitations and future di-
rections should be noted. Our main aim here was to ensure that the
construct was clear, developmentally appropriate, internally con-
sistent, and usable in child-centred AI settings. In future work, we
plan to further refine K-AI to capture additional facets of children’s
trust and to administer it alongside other child–AI measures to
examine convergent and divergent relations, positioning the scale
more clearly within the wider trust-measurement landscape. The
sample was limited to children aged 9–11 from a relatively homoge-
nous socio-cultural context, which may constrain generalisability.
Children’s trust in AI is likely shaped by linguistic, cultural, and
socio-economic factors. Future studies should therefore include
more diverse participants (ages and cultures) to assess robustness
and ensure inclusivity. Some participants took part in more than
one study phase, which may have introduced familiarity effects. Al-
though Study 3 involved a different scenario and a new set of items,
trust judgments are closely tied to the immediate interaction, and
repeated participation might still have shaped children’s comfort or
expectations. Future work should therefore aim to replicate these
findings with fully independent samples to rule out subtle carryover
effects. We chose this design trade-off to maintain comparability
across studies in an iterative validation process, while recognising
that replication with separate samples is an important next step.

As platforms and interfaces continue to change quickly, future
uses of the K-AI scale may also need to refresh the concrete ex-
amples, for instance, by substituting child-familiar systems (e.g.,
“a voice assistant such as ...”) without altering the underlying con-
structs. This will help keep the measure ecologically valid as tech-
nologies evolve.

Finally, the instrument is currently scoped to everyday conver-
sational and educational AI. Future studies should examine how
well it transfers to other domains, such as clinical or safety-critical
settings. The final questionnaire showed acceptable psychometric
properties, yet refinement is still needed. Retaining Q4 reflects a
commitment to developmental and ethical completeness, even if
the item performed weakly. Future work will focus on rephrasing
through child interviews and co-design, aiming to improve both
statistical robustness and developmental clarity.

The reliance on self-report measures, though adapted, raises con-
cerns about social desirability bias and children’s limited metacog-
nitive capacities. Complementary methods such as trust games or
observational studies could enhance ecological validity and capture
trust in situ.

The cross-sectional design offers only a snapshot of children’s
responses. As trust evolves with exposure, context, and develop-
mental change, longitudinal research is needed to trace trajectories
and examine influences such as digital literacy and negative experi-
ences.

Our findings also show that children’s reasoning about ethi-
cal principles, transparency, fairness and consent is emerging yet
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throughmeaningful relational narratives. Overall, children are capa-
ble and reflective users of AI. The proposed questionnaire provides
a developmentally grounded tool for evaluation, but continued it-
eration, combining psychometric rigour with child-led design, is
essential to ensure measures remain meaningful, inclusive, and
rights-aligned.

Another limitation regards the three trust facets proposed in
the conceptual framework. They are grounded in prior work on
trust in automation and child-rights principles; however, our data
did not support a stable multidimensional structure. Specifically,
transparency and agency, as well as emotional comfort, were not
captured reliably with the small number of items adopted in this
first iteration, and may be more difficult for younger children to
articulate after a short interaction. Future work should expand and
refine these elements, test age-adapted items, and examine whether
additional dimensions such as benevolence or integrity emerge
more clearly in longer or repeated interactions. Strengthening these
links will help align the proposed facets more closely with existing
theoretical models while ensuring they remain developmentally
appropriate.

Finally, although we examined the convergent and discriminant
properties of both scales, these assessments are preliminary. AVE
values for K-AI indicate that additional item refinement is needed
to strengthen shared variance at the construct level. Similarly, the
weak relation between PTT and K-AI aligns with theoretical expec-
tations but also reflects the limitations of using an adult-designed
dispositional trust measure with children. Further work should ex-
tend these analyses with larger samples, age-tailored dispositional
measures, and comparisons against other child-centred frameworks
to consolidate convergent and discriminant validity evidence.

6 Conclusion
Do children trust AI, and should they? Our findings suggest that
children aged 9–11 place trust in intelligent systems, but this trust
is expressed holistically, blending functional, relational, and ethical
cues.

This article introduced the development and validation of a novel
tool to assess children’s trust in intelligent systems. Through itera-
tive design and testing, we adapted and refined existing frameworks
using age-appropriate language and ethically grounded constructs,
addressing a critical gap in HCI and child–AI research.

Using a mixed-methods approach, we showed that children’s
trust can be reliably measured as a unidimensional construct, de-
spite early indications of multidimensionality. The final question-
naire demonstrated acceptable psychometric properties and mea-
surement invariance across age and gender, making it a promising
tool for educational, research, and design contexts.

Importantly, our results highlight that children are not passive
users of AI. Rather, they evaluate intelligent systems through a
combination of social cues, perceived utility, and ethical concerns,
grounded in everyday interactions rather than abstract reason-
ing. Trust thus emerges as a developmental and relational process,
shaped by emotional resonance, data transparency, and perceived
agency.

Demographic analysis further revealed gendered differences in
AI familiarity and system use, underscoring the need for inclusive

and context-sensitive design. More broadly, our findings highlight
the limitations of adapting adult-oriented measures for child pop-
ulations and advocate for tools that reflect how children actually
experience and make sense of AI technologies.

By combining empirical rigour with developmental sensitivity,
this work contributes to the growing movement toward rights-
based, child-centred AI design. The proposed questionnaire pro-
vides a concrete method for evaluating trust and fostering more
meaningful, empowering interactions between children and intelli-
gent systems.
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Appendices
A Prior Knowledge of AI Questionnaire

(1) Have you ever heard of Artificial Intelligence (AI)?
• Yes
• No
• I’m not sure

(2) Have you ever used any of these tools? (You can choose more
than one answer)
• Siri (Apple)
• Alexa (Amazon)
• ChatGPT or similar
• Educational Robot (e.g. Cozmo, BeeBot, etc.)
• None of these

(3) When you use these tools, do they seem intelligent to you?
• Yes
• A little
• No
• Not sure

(4) What do you like to use technology for? (you can choose
more than one answer)
• To learn
• To play games
• To listen to music
• To talk to friends or family
• Other:

(5) Do you think that what a voice assistant (like Alexa or Siri)
says is always true?
• Yes
• No
• Sometimes
• I’ve never thought about it
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B Modified Propensity To Trust Questionnaire
The modified Propensity to Trust questionnaire is shown below.
Each question was rated using a 5-point Likert scale, ranging from
‘Strongly disagree’ to ‘Strongly agree’.

(1) I usually trust computers until they make mistakes.
Reflects a conditional form of trust, where the child places
initial trust in technology unless a failure occurs.

(2) For the most part, I distrust computers or systems like Alexa,
Siri.
A reverse-coded item assessing baseline skepticism toward in-
telligent systems.

(3) In general, I would rely on a computer to assist me.
Captures the child’s openness to depending on technological
assistance in various tasks.

(4) My tendency to trust computers is high.
Measures the child’s self-perceived dispositional trust in com-
puters.

(5) It is easy for me to trust computers to do their job.
Assesses how naturally or comfortably the child feels when
delegating tasks to computers.

(6) I am likely to trust a computer even when I have little knowl-
edge about it.
Explores trust in unfamiliar or opaque technologies, where
understanding is limited.

C K-AI Trust Questionnaire (Preliminary
version)

Questions 1 to 7 used a five-point ordered response scale with
the following choices: 1) Not at all, 2) A little, 3) I don’t know,
4) Enough, 5) A lot)

(1) Do you think that smart systems like Alexa or platforms like
TikTok are safe to use?

(2) Do you think your personal information (name, home ad-
dress) is protected when using smart systems?

(3) Do you think that smart systems like ChatGPT are useful?
(4) Would you trust intelligent systemsmore if you knew exactly

how they worked?
(5) Would you trust intelligent systemsmore if you knew exactly

how they were using your data?
(6) Would you feel comfortable if intelligent systems made im-

portant decisions about you, such as which school to attend,
as long as they respected human rights?

(7) Would you feel comfortable if intelligent systems made im-
portant decisions about you, such as which games to play,
as long as they respected human rights?

Questions 8 to 11 used a five-point ordered response scale
with the following options: (1) never, (2 )sometimes, (3) I
don’t know, (4) often, (5) always

(8) Do you think intelligent systems can make mistakes?
(9) Do you think intelligent systems can harm people?
(10) Do you think that intelligent systems treat all people equally,

regardless of gender, age, or skin colour?

(11) Do you think that intelligent systems should ask your permis-
sion before using your personal data such as name, surname,
address?

(12) Have you used ChatGPT? (yes/no)
(13) What have you used ChatGPT for? (open-ended, thematic

analysis)
(14) Do you think these systems are intelligent? (used for qual-

itative coding of perceived system intelligence)
(15) Would you like to add anything? (optional comment box

for final thoughts)

D Final K-AI Trust Questionnaire
Questions 1-3 measure Trust / Usefulness on a five-point ordered
response scale (not at all, a little, I don’t know, enough, a lot).
Questions 4-6 measure Transparency / Awareness / Control on a
five-point ordered response scale (never, sometimes, I don’t know,
often, always).
Questions 7-9 measure trustworthiness on a five-point ordered re-
sponse scale (strongly disagree, disagree, don’t know, agree, strongly
agree).

(1) Do you think that smart systems like Alexa or platforms like
Tik Tok are safe to use?

(2) Do you think your personal information (name, home ad-
dress) is protected when using smart systems?

(3) Do you think that smart systems like ChatGPT are useful?
(4) Do you think intelligent systems should ask your permission

before using your personal data such as your name, surname,
address?

(5) Would you trust intelligent systemsmore if you knew exactly
how they worked?

(6) Would you trust intelligent systemsmore if you knew exactly
how they were using your data?

(7) Do you think intelligent systems can make mistakes?
(8) Would you rely on a computer to help you?
(9) Are you likely to trust a computer even if you don’t know

how to use it?
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