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As Generative AI (GenAl) becomes integrated into routine workflows, the critical question shifts from adoption to
reliance. However, research is hindered by a lack of an adapted measurement tools, as studies often depend on
unverified adaptations of traditional automation scales. This study addresses this gap by developing and vali-
dating a multidimensional trust scale explicitly tailored for GenAl. We adapted Korber's Trust in Automation
(TiA) questionnaire to the GenAl context and administered it to a large adult sample (N = 2169). We first
examined whether the original TiA structure transferred to the GenAI context. Because it did not, we used
exploratory factor analysis to identify the dimensional structure that emerged in this sample. The analysis
revealed that the original factor structure did not replicate. Instead, items consolidated into three distinct di-
mensions: (1) competence and reliability, (2) familiarity, and (3) caution and uncertainty awareness. A key
finding was that negatively worded items formed a coherent, verification-oriented component rather than merely
reflecting distrust, supported by higher reliability when items were retained in their original direction. Moreover,
distinct patterns of association with GenAlI experience further validated the structure: while experience predicted
competence and familiarity, it showed weaker associations with caution, suggesting that caution can coexist with
confidence in GenAl capabilities. We introduce the TiAl scale, an adapted instrument designed to measure
calibrated reliance. These findings support a nuanced understanding of trust in GenAl, distinguishing between
uncritical acceptance and a prudent, uncertainty-aware approach to generative outputs.

1. Introduction

As generative Al (GenAl) tools such as large language models become
integrated into everyday work and learning, the central question is no
longer whether people will try them, but when they will rely on them for
real tasks (Gondocs et al., 2025). This widespread use makes trust a
population-level determinant of everyday reliance and verification, with
implications for how errors spread and how decisions are made across
domains such as learning, work, and civic information (Alon & Malinoff,
2025). Yet GenAl differs from traditional automation in ways that can
shift what “trust” means and how standard trust items are interpreted.
GenAl is often used for open-ended tasks where correctness is ambig-
uous (Venter et al., 2025), outputs can vary with small prompt changes
or repeated runs, affecting perceived reliability and predictability (Funk
et al., 2024), and users typically cannot inspect the underlying logic,
relying instead on surface cues such as coherence, consistency, and
available explanations (Spitzer et al., 2025). These features create a
timely need for an adapted measure that captures how people form trust
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judgments specifically about GenAl tools.

Because GenAl systems are opaque and their outputs are difficult to
evaluate fully, users must make reliance decisions under uncertainty,
often with limited time or expertise (Wang & Ding, 2024). In practice,
they decide whether to accept an output, treat it as provisional, verify it,
or avoid using it (Chen, 2025; Li, 2025). We define trust in GenAl as a
willingness to rely on a generative system under such uncertainty and
vulnerability, where internal reasoning is not observable and errors may
carry consequences (Li, 2025). Trust shapes oversight and how reliance
is recalibrated after successes, errors, and inconsistencies (Freel et al.,
2025), and it is informed not only by perceived usefulness or accuracy
but also by concerns about transparency, fairness, privacy, and
accountability (Afroogh et al., 2024; Cheong, 2024; Gunasekara et al.,
2025; Nastoska et al., 2025).

Despite its centrality, progress is constrained by measurement. In
GenAl research, trust is often assessed with brief, tool-specific items that
do not support cumulative comparison across systems, samples, and
contexts (Li, 2025). Other studies import measures developed for earlier
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automation settings or general AI systems with minimal adaptation,
without establishing that item meanings and dimensional structure
transfer to GenAl tools (Kohn et al., 2021; McGrath et al., 2025). Thisis a
substantive limitation because trust in GenAl is unlikely to be unitary:
users may view a tool as capable yet unpredictable, or feel familiar with
it while remaining reluctant to rely on it in high-consequence situations
(Korber, 2019).

To address these gaps, we adapt a multidimensional scale that
explicitly measures trust in GenAlI tools. Building on Korber's Trust in
Automation (TiA) questionnaire (Korber, 2019), we adapt the items to
contemporary GenAl use and validate the resulting instrument in a large
adult sample. We examine internal consistency and the factor structure
that emerges when respondents report trust-related judgments about
GenAl tools in everyday use, and we test how these trust dimensions
relate to demographic characteristics and indicators of GenAl experi-
ence, given that experience may shape different trust components in
different ways (Scholz et al., 2025).

The contribution of this study is therefore exploratory and context-
specific: rather than treating trust in Al as a generic attitude or relying
on tool-specific items, we examine whether a widely used automation
scale retains a meaningful structure when adapted to GenAl

In doing so, we introduce TiAl as an initial, exploratory adaptation of
TiA for generative Al tools. TiAl supports cumulative research by
enabling clearer comparisons across studies, populations, and settings,
and it has practical value for organizations, public services, and
educational programs seeking to assess trust as part of responsible GenAI
integration and to identify where support is needed to promote appro-
priate reliance and critical use.

2. Theoretical background
2.1. Conceptualizing trust in automation

Trust in automation describes how users judge whether a system can
and should be relied on (McGrath et al., 2025). At its core, trust is a
psychological state involving positive expectations about another
agent's behavior under conditions of uncertainty and vulnerability (Lee
& See, 2004). Classic models view trust not as blind acceptance but as
calibrated reliance that must be proportionate to the system's actual
capabilities (Kelly et al., 2023). When trust exceeds capability, misuse or
overtrust occurs; when it falls below capability, distrust or disuse results
(Bach et al., 2024).

Early conceptualizations by Jian et al. (2000) and Lee and See (2004)
identify three recurring bases of trust judgments: purpose, process, and
performance. Purpose concerns what the system is for and whether its
goals align with user values. Process concerns how the system works: its
transparency, predictability, and controllability. Lastly, performance
concerns how well it functions over time in terms of reliability, accu-
racy, and consistency. When the purpose is clear, the process is under-
standable, and the performance is reliable, perceived ambiguity
decreases and trust strengthens. However, when any of these founda-
tions are unclear, perceived ambiguity increases and trust weakens (Hoff
& Bashir, 2015; Korber, 2019). These three bases remain visible in most
contemporary trust in automation instruments and adaptation studies
(Kohn et al., 2021).

Lee and See's (2004) closed-loop model situates trust within a dy-
namic feedback system linking observation, belief, and reliance. Ac-
cording to their model, users form trust beliefs based on perceived
system performance, which then shape their decisions to rely on auto-
mation. Subsequent interaction outcomes update trust over time
(Sheridan, 2019). Therefore, trust evolves through phases of formation,
dissolution, and restoration, shifting with observed reliability and
contextual risk (Poornikoo et al., 2025). This perspective emphasizes
that trust is history-dependent and sensitive to expectation versus per-
formance alignment.

Building on these foundations, Hoff and Bashir (2015) proposed a
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three-layer model distinguishing dispositional, situational, and learned
trust. Dispositional trust reflects a stable propensity to trust automation
across contexts; situational trust depends on task demands and envi-
ronmental risk; and learned trust develops through experience with
system performance over time. This account is consistent with
three-category frameworks that locate trust antecedents in the human
trustor, the automated system, and the interaction context (Hancock
et al., 2011; Li, 2025).

In line with this framing, a measurement-focused review of self-
report trust measures highlights that trust is most commonly oper-
ationalized through performance-based cues (e.g., reliability/compe-
tence), process cues (e.g., predictability/understandability), and
experience-related cues (e.g., familiarity), which together support cali-
brated reliance (Kohn et al., 2021). These same core determinants are
also emphasized in conceptual and integrative discussions of trust in
automation and its extension to Al (Korber, 2019).

Based on the literature, trust in automation can be understood as a
shifting attitude that develops through use and is updated as users gain
experience. It reflects both cognitive judgments about system perfor-
mance and affective reactions to success and failure (Lee & See, 2004).
Simulation and modelling studies further suggest that trust evolves
through feedback processes over time, and that negative events (e.g.,
malfunctions) often have stronger and more enduring effects than pos-
itive events (Mahmud et al., 2022; Poornikoo et al., 2025). Individual
differences, including trust propensity, personality, and domain exper-
tise, also help explain variation in initial trust and in how quickly trust
changes with experience (Kraus et al., 2021; Scholz et al., 2025).
Overall, trust in automation rests on judgments about purpose, process,
and performance, and these judgments are refined through experience
as users observe successes, failures, and recovery over time. Table 1
summarizes these dimensions as a bridge to the next section on trust in
GenAlL

2.2. Trust measurement in Al contexts

In GenAl settings, the classic bases of trust in automation (e.g.,
perceived competence and reliability) remain central. However, GenAl
introduces distinctive features that can shift how trust is formed and
what trust measures must capture. GenAl systems are typically used for
open-ended, creative, or advisory tasks where a single correct answer is
often unclear, and outputs can vary across prompts and even across
repeated runs, making consistency and predictability less stable than in
many traditional automation settings (Afroogh et al., 2024; Gunasekara
et al., 2025).

In addition, the generative process is largely opaque to users, who
cannot inspect the underlying reasoning and therefore lean on surface
cues such as fluency, coherence, and conversational presentation when
judging outputs. These cues can inflate perceived credibility and reli-
ance even when responses are partially inaccurate (Anderl et al., 2024;
Kim et al., 2025), which is especially problematic because LLMs can
generate fluent, coherent text while still producing unfactual content

Table 1
Core dimensions of trust in automation.

Dimension What it captures Key sources
Purpose Whether the system's role aligns with Jian et al., 2000;
user goals and values Lee & See, 2004
Process Whether operation seems
understandable, predictable, and
controllable
Performance Whether the system is reliable,

competent, and accurate over time
How trust is updated through use and
interaction history

Match between trust and actual
capability, enabling appropriate
reliance

Experience-based
learning
Calibration

Lee & See, 2004;
Hoff & Bashir, 2015
Lee and See (2004)
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(Chang & Bergen, 2024).

These characteristics heighten concerns that become especially
salient when system logic is difficult to assess and downstream risks
extend beyond the immediate task, including transparency and
explainability, fairness, privacy, and accountability (Agur Cohen et al.,
2025; Huynh & Aichner, 2025). In practice, trust is most often assessed
using self-report scales, sometimes complemented by behavioral in-
dicators such as reliance and compliance (Mehrotra et al., 2024).

The trust in automation literature offers several established in-
struments that have been applied in Al research. Widely used examples
include the checklist for trust between people and automation, which
operationalizes trust as a single continuum and treats distrust as reverse-
coded trust (Jian et al., 2000), and the human-computer trust ques-
tionnaire, which captures multiple trust-related beliefs about intelligent
decision aids (Hadar-Shoval et al., 2024; Madsen & Gregor, 2000). Other
tools prioritize brevity and focus on core drivers such as perceived un-
derstanding and perceived performance (Wojton et al., 2020). In addi-
tion, many studies assess relatively stable individual differences that
shape initial trust, including dispositional trust and propensity to trust
automation (Hoff & Bashir, 2015; Kohn et al., 2021), and dedicated
propensity measures have been validated for automated technology
(Scholz et al.,, 2025). Table 2 summarizes common self-report in-
struments and highlights examples of their use in GenAI settings.

As shown in Table 2, recent Al studies often draw on established
automation instruments either to capture a global trust attitude or to
focus on a small set of drivers (e.g., perceived performance and under-
standing). However, many studies have used these scales in Al or GenAl
settings without re-examining whether item meaning and dimensional
structure transfer to contemporary tools. For example, Lelli et al. (2025)
used Korber's TiA questionnaire as an outcome measure in an
Al-supported design framework, without validating whether the scale
functions similarly when interpreted as trust in Al. More recent valida-
tion work has begun to evaluate trust measures directly for Al including
evidence for the TiA Scale and its short form across Al applications
(McGrath et al., 2025). Yet this line of work has largely emphasized
global trust scores, leaving open the question of how multidimensional
instruments perform when adapted to GenAlI tools.

Korber's TiA questionnaire (2019) provides a strong starting point for
GenAl measurement. TiA was developed to assess trust in automated
systems as separable trust-related judgments that inform willingness to
rely on the system. This approach aligns with models that conceptualize
trust as distinct evaluations (e.g., competence, predictability, and
experience-based learning) that may not move together in practice (Hoff
& Bashir, 2015; Lee & See, 2004). TiA has been widely used across
automation settings, supporting cumulative comparison and synthesis
across studies (Gutzwiller et al., 2025; Kohn et al., 2021). Its multidi-
mensional structure is particularly relevant for GenAl, where perceived
capability can coexist with uncertainty about predictability and where
familiarity can increase even when verification remains salient (Li,
2025).

At the same time, three empirical gaps limit current measurement in

Table 2
Self-report tools used to assess trust in automation.
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GenAl contexts. First, the factor structure of automation trust in-
struments cannot be assumed to hold once item wording targets general
purpose GenAl tools, and therefore requires validation. Second, it re-
mains unclear how negatively framed or caution oriented items function
in GenAl use. They may behave as simple reverse indicators of trust, or
they may capture a distinct verification oriented component that co-
exists with perceived competence. Third, evidence is limited on whether
the resulting trust dimensions show systematic variation with GenAl
experience and demographic characteristics in broad non expert pop-
ulations, where GenAl use is widespread and reliance decisions are
frequent.

Accordingly, the contribution of the current study is not a wording
update but a context specific validation of whether TiA's items retain
their intended structure when applied to general purpose GenAl tools in
everyday use. For this reason, we retained the original TiA item content
as closely as possible rather than introducing new GenAl-specific items.
This design allowed us to test whether an established multidimensional
trust framework transfers to GenAl use before extending it to additional
concerns such as factual reliability, value alignment, or ethics.

2.3. Research questions

Building on classic conceptualizations of trust in automation as
evolving judgments about purpose, process, and performance, this study
examines how trust is structured and measured in contemporary GenAl
tool use. We adapt the TiA questionnaire (Korber, 2019) to refer
explicitly to GenAl tools while retaining its original item content as
closely as possible, and evaluate its psychometric performance in this
new context. We assess internal consistency and factor structure, and we
test how the resulting trust dimensions vary by demographic charac-
teristics and indicators of GenAl experience. Specifically, we address the
following research questions:

RQI1. What factor structure characterizes trust in GenAl tools when
measured using an adapted version of the TiA questionnaire, and to
what extent do the resulting components demonstrate acceptable
internal consistency?

RQ2. How do the resulting trust components vary across de-
mographic characteristics (age, gender, education) and across levels
of perceived GenAl knowledge and GenAI use?

By addressing these questions, the study provides an adapted mea-
sure for assessing trust in GenAl tools across settings. Such a measure
can support needs assessment and evaluation in organizations and
public services adopting GenAl, inform higher education and profes-
sional development initiatives that aim to promote appropriate reliance
and critical use, and enable large-scale surveys that track how trust and
use vary across social groups and everyday contexts.

Instrument Authors What it captures Structure (brief) Use in GenAl contexts

Checklist for trust between Jian et al. Trust and distrust as 12 items Used and evaluated as a trust in Al measure in validation work (McGrath
people and automation (2000) opposing poles et al., 2025).

Human-computer trust Madsen and Multi-facet trust in 25 items Applied in Al enabled decision support and used as a foundation for

questionnaire Gregor (2000) intelligent aids

Trust in automation (TiA) Korber (2019) Multi-dimensional trust

questionnaire plus related beliefs dimensions
Trust in automated systems Wojton et al. Core trust drivers
test (2020)
Propensity to trust in Scholz et al. Dispositional tendency to 14 items
automated technology (2025) trust automation

(TOAST)

19 items across six

9 items; performance
and understanding

subsequent measures in human Al interaction (Katzburg et al., 2024;
Wang & Ding, 2024).

Used as an outcome measure in Al settings and sometimes adapted to
refer to Al tools (Lelli et al., 2025).

Used as a short trust measure focused on understanding and
performance (Wojton et al., 2020).

Used as a covariate or moderator in studies published after its validation
(Scholz et al., 2025).
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3. Methods
3.1. Sample and procedure

The sample in this study included 2169 Israeli adults recruited
through online snowball sampling. The survey link was initially
distributed via social networks and mailing lists and participants were
encouraged to share it with others in their networks. Inclusion criteria
required that participants be at least 18 years old, reside in Israel, and be
able to read Hebrew well enough to complete the questionnaire.

The sample included 734 men (33.9%), 1432 women (66.0%), and
three participants who selected another gender category (0.1%). Ages
ranged from 18 to 84 years (M = 37.51, SD = 14.68). In terms of edu-
cation, 1040 participants reported high school education a professional
certificate (48%), 746 reported a bachelor's degree (34.3%), and 383
reported a master's degree or above (17.7%). For occupation, responses
were aggregated into four groups: most participants were employed (N
= 1657; 76.4%), followed by students (N = 336; 15.5%), unemployed
(N = 135; 6.2%), and retired (N = 41; 1.9%).

To characterize experience with GenAl tools, participants reported
how frequently they use these tools on a 1 to 5 scale (M = 3.17, SD =
1.23), and how knowledgeable they perceive themselves to be about
GenAl toolson a1 to 5 scale (M = 3.29, SD = 1.12), indicating moderate
levels on average. Participants also reported the number of different
GenAl tools they currently use (M = 1.49, SD = 1.07; range 0-8).

The survey was administered online via a questionnaire hosted on
Google Forms. Data were collected between October and December
2025. Participants accessed the survey through a link distributed online,
completed the questionnaire in Hebrew, and provided informed consent
prior to participation. Participation was voluntary, respondents could
discontinue at any time, and responses were analyzed and reported in
aggregate form to protect participants’ privacy. The study was con-
ducted in accordance with institutional and national ethical guidelines
for research with human participants, and the research protocol was
reviewed and approved by the ethics committee (IRB).

3.2. Scale development and validation

Trust in GenAl tools (TiAI) was measured using an adapted Hebrew
version of Korber's TiA questionnaire (Korber, 2019). The original TiA is
a 19-item instrument developed through psychometric refinement to
capture six trust-related dimensions: competence/reliability (six items),
predictability/understanding (four items), familiarity (two items),
intention of developers (two items), propensity to trust (three items),
and trust in automation (two items). The scale includes both positively
and negatively worded items, with the latter typically reverse-scored in
automation research.

For the present study, items were adapted to refer explicitly to GenAl
tools while preserving the original meaning as closely as possible (e.g.,
replacing references to “the system” with references to GenAl tools). We
retained the original 19 items, but treated GenAl as a distinct mea-
surement context and therefore revalidated the scale's reliability and
factor structure rather than assuming TiA would transfer unchanged.

All items were administered in Hebrew and rated on a five-point
Likert scale from 1 (strongly disagree) to 5 (strongly agree). Nega-
tively worded items were retained in their original direction, and pri-
mary analyses report results without reverse-scoring. Because reverse-
scoring is common in TiA based work, we also repeated the analyses
using the conventional reverse-scoring approach as a robustness check;
the substantive structure and conclusions were unchanged.

To support content validity and clarity, the adapted Hebrew version
underwent expert review. Ten reviewers, including three academic ex-
perts in Al and seven individuals meeting the study inclusion criteria,
evaluated item clarity, readability, and suitability for assessing trust in
GenAl use. Based on their feedback, minor wording revisions were made
to three items while preserving their intended meaning. The original
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response format included a “no response” option; following reviewer
recommendations, this option was removed to reduce ambiguity and
improve interpretability.

In the current sample, the adapted 19-item scale showed good in-
ternal consistency. Reliability was higher when negatively worded items
were kept in their original direction (Cronbach's @ = .877) than when
they were reverse-scored (Cronbach's a = .789), a pattern addressed in
the Discussion. The Results section further evaluates the scale's dimen-
sional structure and provides additional validity evidence.

3.3. Data analysis

Data were first screened for completeness and data quality. Overall,
2182 survey submissions were collected. Seven incomplete responses
and six redundant submissions were identified and removed, resulting in
a sample of 2169 participants. Data were then screened for accuracy,
outliers, and univariate normality. Descriptive statistics were computed
for all trust items, and inter-item correlations were examined to assess
their suitability for factor analysis.

To address RQ1, we first examined whether the adapted items
reproduced Korber's (2019) original dimensional structure in the GenAl
context. Because the original structure did not transfer cleanly to the
present dataset, we then conducted exploratory analyses using principal
components analysis (PCA) with oblimin rotation to identify the struc-
ture that best characterised trust in GenAl in this sample (Fabrigar et al.,
1999). Given the wunexpected change in Cronbach's o after
reverse-scoring, we repeated the PCA under both scoring conventions
(prior to recoding and after recoding) to verify that the extracted
structure was not an artifact of item direction. This analytic sequence is
consistent with established guidance for scale development and evalu-
ation, which distinguishes between examinations of dimensionality,
reliability, and validity (Boateng et al., 2018).

To address RQ2, we examined how the trust dimensions varied
across participant characteristics (age, gender, and education level) and
Al experience indicators (perceived AI knowledge and frequency of
GenAl use). These relationships were examined using correlations and
group comparisons, and by estimating multiple regression models to
identify the unique contribution of each predictor when considered
simultaneously.

4. Findings
4.1. Factor structure and internal consistency of the TiAl scale

We first examined whether the adapted items reproduced Korber's
(2019) original dimensional structure in the GenAI context. Because the
original structure did not transfer cleanly to the present dataset, we
proceeded with exploratory analysis to identify the structure that best
characterised trust in GenAl in this sample. A principal components
analysis (PCA) with oblimin rotation was conducted to allow for
correlated dimensions. Given the unexpected change in Cronbach's a
after reverse-scoring, we repeated the PCA under both scoring conven-
tions (prior to recoding and after recoding). The extracted component
pattern was identical, indicating that the dimensional structure was not
an artifact of item direction; results are reported using the non-reversed
item scoring.

Factor interpretation was based on a combination of statistical and
substantive criteria, including eigenvalues, interpretability of the
component structure, and the suitability of components for scoring. We
retained items based on their strongest substantive loading pattern
shown in Table 3. Where items showed secondary loadings, assignment
was based on their primary loading together with conceptual fit. Com-
ponents that did not form a coherent multi-item dimension were not
retained as standalone subscales.

As shown in Table 3, four components had eigenvalues above 1.
However, the fourth component did not form a stable multi-item
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Table 3
PCA of the adapted TiAl items (oblimin rotation)”.
Statements Factor Factor Factor Factor
1 2 3 4
1. I can rely on GenAl tools 0.792
2. I trust GenAl tools. 0.779 0.402
3. Ifeel confident in GenAl's 0.777 0.484
capabilities.
4. I tend to trust GenAl rather than 0.762
mistrust it.
5. GenAl systems operate reliably. 0.743
6. GenAl systems generally work well. 0.691 0.411
7. The developers of GenAl are 0.655
trustworthy people.
8. GenAl tools are capable of 0.622

interpreting situations correctly.
9. The developers of GenAl tools take 0.614
my personal well-being into
account.
10. When using GenAl I can 0.602 0.542
understand why things happened
the way they did.
11. GenAl is capable of performing 0.569
complex tasks.
12. GenAl may make occasional 0.789
errors.
13. One should be cautious with 0.735
unfamiliar GenAlI systems.
14. It is difficult to predict what 0.727
GenAl will do next.
15. A GenAl system malfunction is 0.690
likely.
16. GenAl systems react 0.400 0.604
unpredictably.
17. 1 am familiar with GenAl tools. 0.850
18. Iunderstand what GenAl tools are 0.414 0.721
doing at any given moment.
19. I have used GenAl tools before.

—0.409

—0.482

—0.484 0.408 0.655

Eigenvalues 6.42 2.44 1.81 1.14

% Variance 33.80 12.86 6.22 6.00

# Loadings <.40 have been omitted.

dimension and was defined primarily by a single item (‘I have used
GenAl tools before’). Because our goal was to derive interpretable and
scoreable trust dimensions, we did not retain this component as a
standalone subscale. Instead, we retained a three-dimensional scoring
solution. The first component reflected competence and reliability. The
second reflected caution and uncertainty awareness, with strong load-
ings for negatively worded items referring to errors, unpredictability,
malfunction, and caution. Although these items shared negative
phrasing, their content consistently pointed to evaluative concern and
monitoring in GenAl use. The third reflected familiarity, with high
loadings for items referring to familiarity, understanding, and prior use.
Several items showed secondary loadings across factors, but we
retained them because their primary loading pattern remained inter-
pretable and conceptually coherent in the GenAl context. In particular,
items reflecting trust, confidence, and perceived understanding (e.g.,
items 2, 3, 6, and 10) showed overlap between competence/reliability
and familiarity, which is theoretically plausible given that repeated use
and subjective understanding may shape confidence in GenAl perfor-
mance. Similarly, items related to unpredictability and prior use (e.g.,
items 9 and 11) showed overlap with caution or familiarity dimensions,
but their strongest and most interpretable placement remained within
the retained three-dimensional solution. Overall, because these sec-
ondary loadings did not obscure the overall structure and the resulting
dimensions remained internally coherent, we retained these items in the
final scale rather than removing them and re-estimating the solution.
Based on these results, we retained a three-dimensional scoring so-
lution for TiAl, comprising competence and reliability, caution and
uncertainty awareness, and familiarity. For TiAl scoring, we therefore
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recommend not reverse-scoring the negatively worded items; instead,
they comprise the caution and uncertainty awareness subscale, such that
higher scores indicate stronger verification-oriented caution (see Ap-
pendix A for the final TiAl items).

Internal consistency was then examined for each subscale. Compe-
tence and reliability showed high internal consistency (11 items; Cron-
bach's @ = .894). Caution and uncertainty awareness showed acceptable
internal consistency (5 items; Cronbach's @ = .730). Familiarity showed
modest internal consistency (3 items; Cronbach's @ = .650), consistent
with the small number of items.

The intercorrelations among the three TiAl dimensions provided
additional evidence that the subscales are related but not redundant
(Table 4). Reliability and competence was moderately correlated with
familiarity (r = .559, p < .001), whereas its association with caution and
uncertainty awareness was smaller (r = .248, p < .001). Familiarity was
also positively correlated with caution and uncertainty awareness (r =
.308, p < .001). All correlations were statistically significant, but their
magnitudes indicate that the three dimensions capture distinguishable
aspects of trust in GenAlI rather than a single undifferentiated construct.

4.2. Associations between TiAl dimensions, demographic and Al
experience

First, we examined descriptive statistics for the three TiAl di-
mensions to characterize overall levels of trust in GenAl in the sample
(Fig. 1).

As shown, participants reported mid-range trust judgments on the 1-
5 scale. Reliability/competence and familiarity showed similar mean
levels and were slightly below the midpoint (M = 2.90, SD = 0.70; and
M = 2.90, SD = 0.90, respectively). By contrast, caution/uncertainty
awareness was higher and above the midpoint (M = 3.46, SD = 0.75),
indicating that participants tended to endorse verification-oriented
caution alongside their evaluations of Al capability and experience.

We then examined how the three trust dimensions were associated
with demographic characteristics (age, gender, and education) and with
Al experience (perceived Al knowledge, frequency of Al use, and num-
ber of Al tools used). Table 5 presents the correlations among the trust
dimensions, Al experience indicators, and age.

Reliability/competence was positively associated with perceived
GenAl knowledge (r = .333), frequency of GenAl use (r = .399), and the
number of GenAl tools used (r = .202), indicating that participants who
reported greater engagement with Al also tended to report higher con-
fidence in AI's competence and reliability. Familiarity showed stronger
associations with GenAlI experience, including correlations with
perceived Al knowledge (r = .588), frequency of Al use (r = .561), and
the number of GenAl tools used (r = .418). Caution/uncertainty
awareness (non-reversed items) showed small positive correlations with
perceived GenAl knowledge (r = .176), frequency of GenAl use (r =
.155), and number of tools used (r = .170). This suggests that more
experienced users not only reported greater familiarity and confidence
in GenAl, but also expressed slightly greater uncertainty awareness and
a stronger verification-oriented stance.

Trust dimensions were also related to one another. Reliability/
competence correlated positively with familiarity (r = .559) and with
caution/uncertainty awareness (r = .248), and familiarity also corre-
lated positively with caution/uncertainty awareness (r = .308), indi-
cating that confidence and experience co-occurred with uncertainty-

Table 4
Intercorrelations among the TiAI dimensions.

Variable 1 2 3

1. Reliability/competence -
2. Caution/uncertainty awareness .248** -
3. Familiarity .559%*

**p < 001,
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Fig. 1. Mean scores and SDs for TiAl dimensions on a 5-point scale (N = 2169).

Table 5
Pearson correlations among TiAI dimensions, Al experience, and age (N = 2169).
Variable 1 2 3 4 5 6 7
1. Reliability/competence —
2. Caution/uncertainty awareness .248** —
3. Familiarity .559** .308** —
4. Perceived GenAl knowledge .333%* 176%* .588* —
5. GenAl use frequency .399%* .155%* .561** 727%* —
6. Number of GenAl tools used .202%* .170%* 418%* .373%* .402%* —
7. Age —.100%* —.094** —.228** —.255%* —.277** —.041 —
**p < .001.
aware judgments. not significant predictors in this model. This pattern suggests that un-

Age showed the opposite pattern for the trust and experience in-
dicators: it was weakly negatively associated with reliability/compe-
tence (r = —.100) and moderately negatively associated with familiarity
(r = —.228), suggesting that older participants tended to report lower
familiarity with AI and somewhat lower confidence in Al's capabilities.
Age was also weakly negatively associated with caution/uncertainty
awareness (r = —.094), indicating slightly lower endorsement of
uncertainty-aware caution among older participants.

To examine the unique contribution of each predictor, we estimated
three multiple regression models with age, gender, education level,
perceived Al knowledge, and Al use frequency entered simultaneously
(Table 6). The full regression tables are provided in the supplementary
materials. Because perceived GenAl knowledge and GenAl use fre-
quency were moderately to strongly associated, we examined multi-
collinearity diagnostics. These did not indicate problematic collinearity
among the predictors (tolerance = .460-.971; VIF = 1.030-2.172), sug-
gesting that the regression estimates were not adversely affected by
predictor overlap.

For reliability and competence, the model explained 16.5% of the
variance. GenAl use frequency was the strongest predictor (f = .331),
and perceived GenAl knowledge also contributed positively (5 = .088).
Age and gender were not significant predictors, and education showed
only a small, borderline effect.

For caution/uncertainty awareness, the model explained 4.4% of the
variance. Age was a small negative predictor (f = —.081), whereas ed-
ucation (f = .104) and perceived Al knowledge (8 = .114) predicted
higher scores on this dimension. GenAl use frequency and gender were

Table 6
Model fit statistics for multiple regression models predicting TiAl dimensions (N
= 2169).

Model R? F (df1, df2) p

Reliability/competence .165 85.25 (5, 2163) <.001
Caution/uncertainty awareness .044 20.00 (5, 2163) <.001
Familiarity 404 293.18 (5, 2163) <.001

certainty awareness tends to be slightly higher among participants with
more perceived GenAl knowledge and higher education.

For familiarity, the model explained 40.4% of the variance.
Perceived GenAl knowledge (# = .356) and Al use frequency (8 = .265)
were the strongest predictors, indicating that familiarity is closely tied to
perceived Al experience. In addition, familiarity was lower with age ($
= —.080) and showed smaller but significant associations with educa-
tion (f = .096). In addition, women reported lower familiarity with
GenAl tools than men, controlling for age, education, perceived GenAl
knowledge, and GenAlI use (§ = - .212).

5. Discussion

In this study, we adapted the TiA questionnaire (Korber, 2019) to the
context of generative Al and examined its dimensional structure in a
large adult sample. Grounded in trust in automation theory (Hoff &
Bashir, 2015; Lee & See, 2004), we examined how respondents interpret
trust items when the target is a general purpose, prompt sensitive GenAl
tool rather than a bounded, rule based system. The findings make a
measurement focused contribution. TiAI provides a multidimensional
instrument for assessing trust in GenAl in the general population, while
also showing that the structure of a widely used automation scale shifts
in meaningful ways when applied to GenAl tools. Importantly, we
retained the original 19 item content and re-examined its psychometric
structure for GenAl use.

A central result is that the original multidimensional configuration
did not transfer intact. Instead of reproducing the more differentiated
structure typical of automation questionnaires, the adapted items
consolidated into three interpretable dimensions: competence/reli-
ability, caution/uncertainty awareness, and familiarity. This pattern is
novel in the GenAl measurement context because it demonstrates,
empirically, that trust in GenAl is not well captured as a single global
attitude yet also does not necessarily preserve the full set of TiA sub-
dimensions when the target is a generative tool. At the same time, the
factors align with recurrent components in the trust literature,
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supporting continuity in what is being measured while clarifying how
these components cohere in GenAl use (Kohn et al., 2021; Korber, 2019).
More broadly, this finding suggests that scales developed for earlier
technology contexts cannot be assumed to transfer unchanged to GenAl
use. Recent work on adjacent Al-related constructs similarly points to
the need to re-examine inherited measures in light of the distinctive
forms of interaction, verification, and reflection involved in GenAl use
(Lau et al., 2025).

The competence/reliability factor maps onto the performance basis
of trust, reflecting judgments about dependability and accuracy (Jian
et al., 2000; Lee & See, 2004). This emphasis is consistent with common
practice in Al trust measurement, where performance perceptions often
dominate global trust ratings and short-form instruments foreground
perceived performance (Madsen & Gregor, 2000; McGrath et al., 2025;
Wojton et al., 2020). The familiarity factor captures the
experience-based learning component emphasized in conceptual ac-
counts, reflecting accumulated interaction history and comfort that
shapes how users interpret system behavior over time (Kohn et al.,
2021). The third factor, caution/uncertainty awareness, is especially
diagnostic for GenAl: it reflects endorsement of possible errors, vari-
ability, and the need to verify outputs. This component is theoretically
consistent with process-based trust in contexts where internal logic is
difficult to inspect, but in GenAl it is expressed as an explicit verification
stance that supports calibrated reliance (Hoff & Bashir, 2015; Lee & See,
2004).

This structure also clarifies a persistent measurement challenge in
GenAl research. Recent studies continue to operationalize “trust” using
different instruments, shortened versions, or single global scores (e.g.,
Afroogh et al., 2024; Gutzwiller et al., 2025; McGrath et al., 2025),
making it difficult to accumulate findings when the same label reflects
different underlying judgments. Our results support reporting a small,
interpretable profile of trust components in GenAl contexts, rather than
relying solely on total scores that can mask meaningful differences
across tasks, risk levels, and user experience.

The behavior of negatively framed items provides a second novel
contribution with direct implications for GenAI measurement. In many
automation questionnaires, negatively worded items are treated as
simple inverses and are reverse-scored to align with favorable trust. In
our data, these items cohered as a distinct component regardless of
whether they were reverse-scored for comparability or retained in their
original direction. This indicates that their clustering is not a scoring
artifact but reflects a substantive response tendency. When interpreted
in their original direction, the items capture uncertainty awareness and
verification-oriented caution, suggesting that in GenAl contexts,
endorsing uncertainty can coexist with perceived competence and may
reflect calibrated reliance rather than global distrust. This is particularly
relevant for GenAl systems whose outputs can be fluent yet variable and
whose reasoning process is not directly observable to users.

This interpretation is consistent with accounts of GenAl as a black
box for end users, where outputs are visible but the basis for them is
difficult to inspect and failure conditions can be hard to anticipate (Alon
& Krtalic, 2025; Mohamed et al., 2025; Picard et al., 2023). It also aligns
with evidence that explainability features can shape trust without
necessarily improving users’ ability to evaluate correctness, sometimes
functioning as reassurance cues rather than supporting meaningful in-
spection (Park & Young Yoon, 2025; Rosenbacke et al., 2024). In our
data, competence/reliability and familiarity were strongly related to
GenAl experience indicators, whereas caution/uncertainty awareness
showed weaker associations and was less explained by standard pre-
dictors. This pattern suggests that greater engagement with GenAl is
associated with increased confidence and comfort while only modestly
increasing uncertainty awareness and verification orientation. Put
differently, experience may strengthen both confidence and calibration,
rather than producing uniformly higher perceived predictability or
transparency. Demographic effects were comparatively small, consistent
with findings that demographic differences in trust can vary by context
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and measurement approach (Afroogh, 2024).

Overall, the findings support conceptualizing trust in GenAl as a
differentiated profile that combines confidence in competence with a
distinct uncertainty-aware component that supports verification and
appropriate oversight. This has both theoretical and practical implica-
tions: it strengthens cumulative measurement by offering a multidi-
mensional instrument tailored to GenAl, and it supports applied
assessment by distinguishing between trust that reflects uncritical reli-
ance and trust that is calibrated to uncertainty and risk in GenAl use.

5.1. Implications for research and practice

These findings have clear implications for both theory and practice.
Theoretically, they provide measurement-based support for accounts
that conceptualize trust as multidimensional and emphasize calibrated
reliance rather than trust maximization (Hoff & Bashir, 2015; Lee & See,
2004). In GenAl contexts, trust is not a single continuum: confidence in
competence and reliability can coexist with caution/uncertainty
awareness, reflected in endorsement of possible error, variability, and
the need to verify outputs.

This pattern cautions against treating higher caution/uncertainty
awareness as a simple deficit in trust. In GenAlI use, it may instead reflect
an adaptive, verification-oriented stance that is responsive to black-box
properties, limited inspectability, and output variability (Park & Young
Yoon, 2025; Rosenbacke et al., 2024). Methodologically, the results also
underscore the limitations of global trust scores, which can mask
meaningful profiles (e.g., high confidence alongside high caution) and
contribute to inconsistent associations between trust and user charac-
teristics or outcomes across studies. Practically, a multidimensional
profile can help organizations and educators distinguish uncritical reli-
ance from calibrated trust and target interventions accordingly. Table 7
summarizes how the three adapted TiAl dimensions map onto core
components of trust in automation.

For practice, the findings support using TiAI as a component-level
profile rather than a single trust score when assessing GenAl use in
everyday settings. Lower competence/reliability confidence points to
where users may hesitate to rely on GenAl suggesting a need for clearer
organizational guidance about what the tool does well, where it
commonly fails, and which routine tasks it is appropriate for. Elevated
caution/uncertainty awareness signals that users anticipate variability
and error, underscoring the importance of practical safeguards even in
day to day use.

Support should therefore focus on building calibrated reliance. This
can include AI literacy that explains why outputs vary across prompts
and contexts, what error types are common, and how to detect warning
signs, paired with concrete verification routines (e.g., cross-checking
against trusted sources, triangulating with a second method, or

Table 7
Mapping classic trust in automation to TiAI dimensions.

Dimension What it captures How it appeared in TiAl
Purpose Whether the system's role Not retained as a distinct factor
aligns with user goals and in TiAl structure
values
Process Whether operation seems Expressed as caution/
understandable, predictable, uncertainty awareness, rather
and controllable than as perceived
understanding.
Performance Whether the system is reliable, ~ Retained as reliability/
competent, and accurate over  competence
time
Experience- How trust is updated through Retained as familiarity
based use and interaction history
learning
Calibration Match between trust and Reflected in the trust profile

actual capability, enabling across dimensions

appropriate reliance
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documenting checks when stakes are meaningful) (Alon & Levkovich,
2026). Organizations can also provide risk-stratified guidance that dis-
tinguishes low-stakes uses (e.g., drafting, brainstorming, or summari-
zing for internal use) from higher-stakes uses where corroboration,
traceability, or nonuse is expected. Across contexts, calibrated reliance
means using GenAl when it fits the task, treating outputs as provisional
by default, and verifying before acting when consequences matter.

5.2. Limitations and future studies

Several limitations should be noted. First, the present study does not
constitute a full scale-validation program. Although the sample was
large, the psychometric evidence reported here is exploratory and based
on a single dataset. Future research should test the resulting structure
using confirmatory methods in independent samples and examine
measurement invariance across relevant subgroups. Second, the study
relied on a self-report survey, so the findings are correlational and
cannot speak to causality or directly capture reliance and verification
behavior. In addition, because the caution and uncertainty awareness
factor was composed largely of negatively worded items, future research
should test whether this pattern reflects a substantive dimension of trust
in GenAl, a wording effect, or a combination of both.

Third, the sample was recruited through online snowball sampling in
a single national context and was characterized by a substantial gender
imbalance. These features limit the generalizability of the findings and
mean that the present results should not be interpreted as establishing
full population-level applicability. In addition, because measurement
invariance across gender, age groups, and experience levels was not
tested, group comparisons should be interpreted cautiously. The sample
also skewed younger, which may limit generalizability to older adults
and to settings where GenAl exposure, goals, and reliance patterns differ
by age. In addition, the items referred to GenAl tools in general rather
than a specific system or task. Relatedly, the scale was designed to test
whether a well-established trust framework transfers to GenAl use,
rather than to capture all GenAl-specific concerns. This broad framing
improves portability across everyday contexts, but it may encourage
more global responding and reduce sensitivity to context-specific trust
judgments. Future work may therefore extend the measure with items
targeting issues such as factual reliability, value alignment, and ethical
oversight more directly. Finally, the study was conducted in Israel, and
further research in a wider range of countries is needed to examine
cross-cultural generalizability.

Appendix A. Supplementary data
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Future work should extend the key implication of the caution and
uncertainty awareness dimension. In GenAlI use, endorsing uncertainty
may reflect calibrated reliance rather than generalized distrust. A pri-
ority is to connect TiAl profiles to objective indicators of understanding
and calibration, such as knowledge tests about GenAl limitations, per-
formance in detecting hallucinations or unsupported claims in
controlled tasks, and observed verification behaviors such as source
checking, cross validation, and selective reliance. Longitudinal studies
could examine how trust profiles change with experience over time,
including whether competence and reliability confidence increases
alongside caution and uncertainty awareness, and whether this combi-
nation predicts safer use. Experimental research can test which support
features shape calibration, such as provenance indicators, uncertainty
cues, or different explanation designs, and whether they improve
appropriate reliance without inflating overconfidence.
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Appendix A. TiAl item set and scoring instructions*

Statements Strongly Rather Neither disagree nor Rather Strongly
disagree disagree agree agree agree

Reliability/competence

1. Ican rely on Generative Al tools 1 2 3 4 5

2. 1 trust Generative Al tools. 1 2 3 4 5

3. I feel confident in Generative Al's capabilities. 1 2 3 4 5

4. Itend to trust Generative Al rather than mistrust it. 1 2 3 4 5

5. Generative Al systems operate reliably. 1 2 3 4 5

6. Generative Al systems generally work well. 1 2 3 4 5

7. The developers of Generative Al are trustworthy people. 1 2 3 4 5

8. Generative Al tools are capable of interpreting situations correctly. 1 2 3 4 5

9. The developers of Generative Al tools take my personal well-being into 1 2 3 4 5

account.
10. When using Generative Al I can understand why things happened the way 1 2 3 4 5
they did.
11. Generative Al is capable of performing complex tasks. 1 2 3 4 5

(continued on next page)
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(continued)
Statements Strongly Rather Neither disagree nor Rather Strongly
disagree disagree agree agree agree
Caution/uncertainty awareness
12. Generative Al may make occasional errors. 1 2 3 4 5
13. One should be cautious with unfamiliar Generative Al systems. 1 2 3 4 5
14. It is difficult to predict what Generative Al will do next. 1 2 3 4 5
15. A Generative Al system malfunction is likely. 1 2 3 4 5
16. Generative Al systems react unpredictably. 1 2 3 4 5
Familiarity
17. T am familiar with Generative Al tools. 1 2 3 4 5
18. I understand what Generative Al tools are doing at any given moment. 1 2 3 4 5
19. I have used Generative Al tools before. 1 2 3 4 5

* TiAl is scored as three subscales computed as item means: competence and reliability (11 items), caution and uncertainty awareness (5 items), and familiarity (3
items). Negatively worded items should not be reverse-scored; instead, they comprise the caution and uncertainty awareness subscale, such that higher scores indicate

stronger verification-oriented caution.
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