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Abstract:

Purpose: This study examines whether perceived personal resilience is associated with trust
in artificial intelligence (Al), whether digital health adaptation carries part of this
association, and whether the focal relationship differs across six metropolitan samples.
Design/Methodology/Approach: Anonymous cross-sectional survey records from GZM,
Istanbul, Montreal, New York, Beijing and Prague were harmonised (N = 3,528). A theory-
refined partial least squares structural equation model (PLS-SEM) was estimated with 5,000
stratified bootstrap resamples. Measurement quality, indirect effects, effect sizes and
explained variance were assessed. Group differences were tested with classical Henseler
PLS-MGA based on 5,000 group-specific bootstrap resamples. Measurement invariance of
composites (MICOM) and permutation MGA with multiplicity control provided
complementary checks. Literal and controlled specifications were retained as sensitivity
analyses.

Findings: Personal resilience showed a positive direct association with Al trust (f = 0.200,
95% bootstrap CI [0.166, 0.235]). The indirect association through digital health adaptation
was also positive (f = 0.245, 95% CI [0.223, 0.269]), and the model explained 43.3% of Al-
trust variance. The proposed educational-environment — emotion-regulation — resilience
association was statistically positive, but emotion regulation and resilience lacked adequate
discriminant validity (HTMT = 0.941). The digital-health — Al-trust path varied across
samples, driven by a weaker Beijing estimate; however, compositional invariance of digital
health adaptation failed in all Beijing comparisons. Cultural moderation was therefore not
confirmed.

Practical Implications: Low-stakes digital-health experiences may be useful components of
programmes that combine psychosocial coping, digital competence and calibrated—not
indiscriminate—trust in Al Positive expectations and risk concerns should be treated as
distinct educational targets.
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Originality/Value: The study links resilience resources, digital-health experience and Al trust
in a large six-metropolis dataset while explicitly showing how item contamination, skip-
pattern missingness and failed measurement invariance can change substantive conclusions.

Keywords: Emotion regulation, educational environment, technology acceptance, PLS-SEM,
cross-sectional survey.

JEL Codes: 112,121, O33.

Paper Type: Research article.

1. Introduction

Artificial intelligence (Al) is becoming embedded in work, education, health care
and public services. Its benefits depend not only on technical performance, but also
on whether users rely on Al appropriately. Both rejection of competent systems and
uncritical reliance on unreliable outputs may be harmful.

Accordingly, research increasingly treats calibrated trust as a central condition of
beneficial human-Al interaction (Glikson and Woolley, 2020; Jacovi et al., 2021;
Mehrotra et al., 2024). Trust is also closely related to acceptance because perceived
usefulness, performance expectations and confidence in a system repeatedly shape
willingness to use Al (Witczak et al., 2026; Araujo et al., 2020; Choung et al., 2023;
Kelly et al., 2023, Glikson and Woolley, 2020).

Existing studies identify technology self-efficacy, Al literacy, previous use and
familiarity as relevant user-side antecedents of Al attitudes and trust (Montag et al.,
2023; Wang et al., 2023; Bewersdorff et al, 2025; Tun et al., 2025). Digital
competence has likewise been associated with more favourable Al attitudes in recent
health-care research (Bang and Hur, 2026; Jimenez-Garcia et al., 2026).

These relationships are not uniform, however. Health literacy did not predict
intentions to use generative Al for health information in one four-country study
(Matthes et al., 2026), while higher Al literacy reduced reliance on flawed advice in
an experiment with programmers (Leffrang er al, 2026). User capability may
therefore improve the calibration of trust rather than simply increase it.

Personal resilience provides a broader resource perspective. It reflects adaptive
capacity under uncertainty and changing demands (Masten et al., 2021), while
emotion regulation constitutes one of the processes associated with resilient
functioning (Polizzi and Lynn, 2021; Stover et al., 2024). Resilience may make
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unfamiliar technologies appear more manageable, but it does not itself provide
knowledge of Al. Adaptation to personally relevant digital-health tools may offer a
more proximal bridge by creating experience of technological usefulness, usability
and control. Evidence that familiarity, training and prior technology use support trust
in Al-enabled health care is consistent with this proposition (Kauttonen et al., 2025;
Reinhardt et al., 2025; Tun et al., 2025).

Important conceptual and methodological uncertainties remain. Al trust is measured
inconsistently, and positive expectations, risk concern, perceived trustworthiness and
behavioural reliance are not interchangeable (Ueno ef al., 2022; Benk et al., 2025;
Aquilino et al., 2025; McGrath ef al., 2025). In this study, Al trust (AIT) is therefore
interpreted narrowly as positive expectations regarding Al and its usefulness.

The literature also provides limited evidence on whether a general psychosocial
resource such as resilience is associated with AIT through experience acquired in an
adjacent digital domain.

Moreover, proposed relations between educational environment, emotion regulation
and resilience require evidence that the constructs are empirically distinct. Cross-
group differences raise a related problem because they cannot be interpreted
substantively unless measurement invariance has been established (Henseler et al.,
2015; 2016; Talik et al., 2025).

The study addresses these gaps using 3,528 adult survey records from GZM in
Poland, Istanbul in Tiirkiye, Montreal in Canada, New York in the United States,
Beijing in China and Prague in Czechia. It examines the association between
perceived personal resilience and AIT, the indirect association carried by digital
health adaptation (DHA), the proposed educational-environment to emotion-
regulation to resilience sequence, and variation in the DHA-AIT path across
metropolitan samples.

A theory-refined partial least squares structural equation model is estimated with
5,000 stratified bootstrap resamples. The analysis includes reliability and validity
assessment, indirect effects, effect sizes, explained variance, multi-group
comparisons, measurement invariance tests, controls and measurement-sensitivity
specifications. Given the cross-sectional design, indirect effects are interpreted as
associations rather than causal mediation (Maxwell et al., 2011; Nitzl et al., 2016).

The article contributes by integrating general adaptive resources with adjacent
digital experience and by demonstrating how construct overlap, criterion
contamination and failed measurement invariance can alter substantive conclusions.

The following theoretical deliberation develops the proposed relationships in greater
detail and provides the conceptual basis for the hypotheses tested in the empirical
analysis.
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2. Theoretical Background and Hypotheses
2.1 Personal Resilience, Emotion Regulation and Educational Environment

Resilience is generally conceptualised as the capacity to maintain or regain adaptive
functioning in the presence of stress, adversity, or rapid change (Vistorte et al.,
2024). Rather than a static, context-free trait, contemporary literature frames
psychological resilience as the dynamic ability to mentally and emotionally cope
with crises and return to a pre-crisis status of well-being (Rane et al., 2024; Silveira,
et al., 2022; Niyazova and Madaliyeva, 2022). This capacity encompasses specific
behaviours, thoughts, and actions that can be actively cultivated through appropriate
psychosocial interventions (Rane et al., 2024).

In academic and high-stress metropolitan environments, resilient outcomes emerge
from the continuous interaction between individual cognitive resources and
surrounding social contexts (Vistorte et al., 2024). Measures such as the Brief
Resilience Scale focus on the capacity to "bounce back", while broader approaches
also include coping, adaptation, and perceived efficacy (Smith et al., 2008).

It is indicated that the survey’s personal-resilience items cover effective coping,
recovery after stress, adaptation to change, and confidence in facing future
challenges; hence, the construct is interpreted as perceived personal resilience rather
than as a clinical diagnosis or an externally verified outcome (Grygorenko and
Naydonova, 2023; Niyazova and Madaliyeva, 2022).

Emotion regulation (ER) serves as a critical mechanism underpinning resilience’s
adaptive capacity. ER encompasses intrinsic and extrinsic processes that enable
individuals to adapt, control, or assess their emotions to pursue specific objectives
(Rezai et al., 2024). Within educational contexts, the Control-Value Theory of
Achievement Emotions (CVT) provides an integrative framework linking ER to the
subjective value and control humans perceive over their environment (Tze et al.,
2022; Yi et al., 2025).

In Al-supported learning environments, providing integrated cognitive and
emotional support maximises benefits: cognitive scaffolding increases perceived
control over tasks, while emotion regulation stabilises achievement emotions (Zhang
et al., 2025). Recent empirical evidence confirms that Al usage positively predicts
emotional regulation and negatively predicts learning anxiety (Zafar et al., 2026).
Furthermore, Al-powered feedback - whether corrective (e.g., grammar and
vocabulary corrections) or motivational (e.g., encouragement and progress tracking)
- has been proven to significantly enhance learners' self-reflection and foster long-
term emotional resilience (He ef al., 2025).

The educational environment (EE) itself provides the direct support and structural
opportunities necessary to acquire resilience and emotion regulatory skills (Vistorte
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et al., 2024). Modern pedagogical environments are no longer passive backdrops but
active ecosystems where Al tools can monitor behavioural data and response times
to detect signs of stress and deliver adaptive emotional support (Zafar et al., 2026).
Educational resources build personal resilience precisely because they facilitate
effective emotion regulation (Vistorte et al., 2024).

The proposed mechanism contains one intervening construct - emotion regulation -
between educational environment and personal resilience. It is therefore a simple
indirect path rather than serial mediation. Because all variables in the present study
were measured once, the study estimates a cross-sectional indirect association, not a
temporal causal mechanism. Taking into account the above, the hypothesis is
formulated as follows:

H3: Educational environment is positively associated with personal resilience
indirectly through emotion regulation (EE — ER — PR).

Table 1. Definitional Approaches and Dimensions of EE, ER, and PR

Construct and Dimension Conceptual Focus

Educational Environment | An ecosystem that influences achievement emotions
(EE) - Control-Value based on humans’ perceived control and subjective
p )
Framework value (Vistorte et al., 2024).
Educational Environment . .. . . .
(EE) - Interactive Digital Environments requiring dynamic emotional tracking
Learnin Environment and pedagogical adaptation to meet real-time needs
(IDLE) & (Fernandez Herrero et al., 2023).

Emotion Regulation (ER) -

Cognitive Reappraisal and

Suppression

Emotion Regulation (ER) -
Al-Supported Regulation

Personal Resilience (PR) -
Adaptive Functioning

Personal Resilience (PR) -
Al-Enhanced
Resilience

Emotional

Adaptive strategies involve changing situational
evaluation, whereas maladaptive strategies involve
suppressing expression (Rezai et al., 2024).

The use of Al systems to detect stress and deliver
personalised interventions that lower learning anxiety
and improve emotional control (Zafar et al., 2026).

The capacity to maintain functioning during stress,
viewed as an interaction between individual and
context (Vistorte et al., 2024).

The ability to handle setbacks confidently, which can
be cultivated through consistent, motivation-driven Al
feedback (He et al., 2025).

Source: Authors’ elaborations based on: Vistorte et al., 2024; Fernandez Herrero et al.,
2023; Rezai et al., 2024, Zafar et al., 2026; He et al., 2025.
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2.2 Resilience, Digital Health Adaptation and Trust in Al

Technology acceptance research shows that adoption depends on perceived
usefulness, effort, facilitating conditions, and prior capability (Marikyan et al., 2026,
Mogaji et al., 2024; Venkatesh ef al., 2003; Parasuraman, 2000). In healthcare,
acceptance frameworks likewise emphasise usability, usefulness, experience, and
user characteristics (Or and Karsh, 2009; Holden and Karsh, 2010).

Digital health literacy extends beyond access to include the ability to search,
evaluate, and apply information through changing digital environments (van der
Vaart and Drossaert, 2017). Furthermore, consumer research shows that trust,
privacy, and perceived risk shape the willingness to use Al-based health tools
(Witczak and Molin, 2024; Esmaeilzadeh, 2020; Longoni et al., 2019).

Integrating advanced technologies into daily life requires specific competencies and
adaptive mechanisms to maintain well-being. Digital health adaptation (DHA)
extends beyond mere technology acceptance; it reflects a user's digital competence,
which encompasses the knowledge, skills, and attitudes required to function safely
and effectively in digital ecosystems (Audrin and Audrin, 2023). The rapid
proliferation of information and communication technologies presents profound
challenges, notably the threat artificial intelligence poses to career development -
conceptualized as STARA (Smart Technology, Artificial Intelligence, Robotics, and
Algorithms) awareness (Jin ef al., 2024).

Research demonstrates that high STARA awareness negatively predicts work
affective well-being (Jin et al., 2024). Digital emotional intelligence emerges as a
vital construct bridging personal resilience and digital adaptation (Audrin, Audrin,
2023). Job stress directly mediates the relationship between STARA awareness and
diminished well-being; however, psychological resilience acts as a crucial
moderating resource (Jin et al., 2024).

Individuals with robust psychological resilience are better equipped to buffer the job
stress induced by Al technologies, allowing them to maintain a confident and
optimistic approach to digital integration (Jin et al., 2024). Mastery experiences with
digital tools provide a critical bridge to mitigating these fears (Vistorte et al., 2024).

Trust in Artificial Intelligence (AIT) dictates whether users will rely on automated
systems appropriately (Witczak et al., 2026; Vistorte et al., 2024). While Al trust is
influenced by performance expectancy and perceived accuracy (Rezai et al., 2024),
ethical deployment requires users to remain vigilant regarding algorithmic bias and
data privacy (Rezai et al., 2024). Positive expectations and risk concerns represent
distinct dimensions of technology attitudes (Vistorte ef al., 2024).

Hence, individuals with higher personal resilience can better manage Al-induced job
stress and adapt more effectively to digital health, fostering calibrated trust in Al
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systems (Vistorte et al., 2024; Jin et al, 2024). Accordingly, the following
hypotheses are formulated:

HI: Perceived personal resilience is positively associated with trust in and
acceptance of Al (PR — AIT)

H2: Digital health adaptation carries a positive indirect association between
personal resilience and Al trust (PR — DHA — AIT).

Table 2. Definitional Approaches and Dimensions of DHA, STARA, and AIT

Construct and Dimension Conceptual Focus
Digital Health Adaptation

(DHA) - Digital
Competence

Predispositions to respond favourably to digital tools,
ensuring safe and ethical use (Audrin and Audrin, 2023).

Digital Health Adaptation The integration of emotional intelligence and digital
(DHA) - Digital Emotional skills to manage emotional experiences online (Audrin

Intelligence and Audrin, 2023).
Al Trust (AIT) - The degree to which Al is perceived as useful, accurate,
Performance Expectancy and easy to use (Rezai et al., 2024).

The balanced acceptance of automated systems that
recognises benefits while maintaining justified concern
for risks (Vistorte et al., 2024).

Al Trust (AIT) =
Calibrated Reliance

Source: Authors’ elaborations based on: Audrin, and Audrin, 2023, Vistorte et al., 2024;
Rezai et al., 2024,

2.3 Metropolitan-Group Heterogeneity

National cultural values can condition technology acceptance, but individual values
and country labels are not interchangeable. Meta-analytic evidence also shows that
associations attributed to national culture depend on level of analysis and context
(Taras et al, 2010). Historically, foundational inquiries into the intersection of
culture and technology adoption have sought to extend the Technology Acceptance
Model (TAM) by integrating macro-level cultural value dimensions (Zakour, 2004).

Seminal frameworks, drawing upon Hofstede’s (1997) constructs - including
uncertainty avoidance, power distance, and individualism/collectivism - alongside
Hall’s (1989) communication context, posit that deep-seated cultural values
systematically condition user perceptions of system utility and behaviour.
Nevertheless, while these macro-theoretical frameworks establish the conceptual
necessity of accounting for cultural variability, translating them into empirical
research requires distinguishing between broad national classifications and localized
socio-environmental realities.
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The original model expected a stronger DHA — AIT relationship in settings
described as higher in uncertainty avoidance, particularly Poland and Tiirkiye, than
in the United States and Canada. However, the present data contain only one
metropolitan sample per country and no respondent-level measure of uncertainty
avoidance.

Country, city, language, and recruitment context are therefore perfectly confounded.
Furthermore, urban resilience refers to a metropolitan area's structural ability to
absorb and adapt to technological shocks. Different metropolitan areas possess
vastly different baseline integrations of "Smart City" infrastructures and digital
ecosystems. Cultural and socio-economic contexts directly shape the emotion
regulation strategies preferred by local populations, which in turn influence how
they interact with Al (Rezai et al., 2024). Taking into account these limitations, the
hypothesis is restricted to heterogeneity:

H4: The DHA — AIT path differs across the six metropolitan samples.

Any detected difference is interpreted as sample-level heterogeneity driven by the
unique intersection of urban digital infrastructure, local privacy norms, and
community-level social resilience - not as a causal effect of national culture.

3. Data and Methodology
3.1 Design, Sample and Data Integrity

The study used data collected in 2026 through Panel Ariadna, a specialised
professional online-panel research provider commissioned by the research team.
Panel Ariadna administered the online survey for six metropolitan samples: GZM
(Poland), Istanbul (Tiirkiye), Montreal (Canada), New York (United States), Beijing
(China) and Prague (Czechia). The resulting anonymous workbooks contained 3,528
records: 858, 550, 500, 550, 550 and 520, respectively. All records carried the
affirmative consent code and city-prefixed respondent identifiers were unique. No
record was excluded from the primary model.

Table 1 describes the unweighted analytic sample. Women comprised 51.0% of
records; mean age was 44.08 years (SD = 15.09; range 18—88). Q17 (confidence in
independent Al use) was skipped by design when Q15 indicated that the respondent
never used Al. Consequently, 395 Q17 values (11.2%) were justified structural
missing values, ranging from 1.6% in Beijing to 18.8% in Montreal. They were not
imputed.

Table 1. Sample description

Metropolitan Women

_ 0
sample Country n (%) Age, mean (SD) | Al non-users, n (%)
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Metropolitan Women o
sample Country n (%) Age, mean (SD) | Al non-users, n (%)
GZM Poland 858 (479 47.53 (15.76) 148 (17.2)

Istanbul Tiirkiye 550 |[52.2 41.53 (13.31) 25 (4.5)

Montreal Canada 500 |[52.0 43.82 (15.63) 94 (18.8)

New York United States | 550 |53.3 43.48 (15.40) 74 (13.5)

Beijing China 550 |[51.6 44.23 (14.34) 9 (1.6)

Prague Czechia 520 |[51.0 41.81 (14.62) 45 (8.7)

Total Six countries 2’52 51.0 44.08 (15.09) 395(11.2)

Source: Authors’ calculations from the six supplied survey workbooks.
3.2 Measures and Pre-Estimation Correction of the Proposed Model

All focal statements used seven-point agreement scales (1 = strongly disagree, 7 =
strongly agree). The source numbering—not the renumbered copy in the model
note—was used throughout: PR = Q1-Q4; ER = Q5-Q6; EE = Q9-QI11; Al-use self-
efficacy = Q17; positive Al trust/expectation = Q19-Q20; Al risk concern = Q21;
and the proposed digital-health block = Q31-Q34. Q21 was reverse-coded as 8 —
Q21 for the literal diagnostic model.

The literal specification did not yield a defensible reflective Al-trust construct.
Reverse-coded Q21 had an outer loading of —0.077 and correlations of only 0.06 and
0.04 with Q19 and Q20. Its inclusion reduced Cronbach’s alpha to 0.631. Q17 was
conceptually self-efficacy rather than trust and was unavailable by design for all
non-users. In addition, Q33 states that positive lifestyle-technology experiences lead
directly to greater “trust and openness” towards advanced solutions including Al;
placing it in a mediator whose outcome is Al trust creates criterion contamination.
Q31 concerns physical activity without a necessary digital component.

The primary, conservative specification was therefore fixed before structural
interpretation as follows: EE (Q9-Q11), ER (Q5—Q6), PR (Q1-Q4), DHA (Q32 and
Q34), and AIT (Q19 and Q20). Q17, Q21, Q31 and Q33 were not discarded silently:
the literal model, an Al-user model including Q17, and a deliberately contaminated
DHA model including Q31-Q34 were estimated as sensitivity analyses. This
separation is consistent with evidence that positive expectations, capability and
negative concern are related but non-equivalent dimensions of Al attitudes
(Schepman and Rodway, 2020; Montag ef al., 2023).

3.3 Estimation and Inference

Mode-A PLS path modelling with the path-weighting scheme was implemented in
an auditable Python script. Manifest variables were standardised and the 1-7 items
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were treated as approximately continuous; seven-category items commonly permit
this approximation, although ordinal estimation remains a useful robustness check
(Rhemtulla, Brosseau-Liard and Savalei, 2012). PLS-SEM was selected because the
proposed framework emphasises prediction, indirect paths and composite
comparison; results are reported according to current PLS-SEM guidance (Hair et
al., 2019).

The measurement assessment included outer loadings, Cronbach’s alpha, composite
reliability (CR), average variance extracted (AVE) and the heterotrait-monotrait ratio
(HTMT). Reference criteria were loadings above 0.708, alpha and CR above 0.70,
AVE above 0.50, and HTMT below 0.85 (strict) or 0.90 (liberal) (Henseler, Ringle
and Sarstedt, 2015; Hair et al, 2019). Items were not deleted automatically to
optimise results; exclusions required conceptual and empirical justification.

The structural assessment reported standardised paths, inner VIF, R* and 2. Five
thousand respondent-level bootstrap samples were drawn within metropolitan strata.
Percentile 95% confidence intervals were calculated for direct and product-of-
coefficient indirect associations (Nitzl, Roldan and Cepeda, 2016). H3 was estimated
with both EE — ER and the direct EE — PR path; H2 retained the direct PR — AIT
path. Effect sizes were interpreted descriptively as approximately 0.02 (small), 0.15
(medium) and 0.35 (large).

For H4, each metropolitan model was separately bootstrapped with 5,000 resamples.
Classical Henseler PLS-MGA compared the corrected group-specific bootstrap
distributions for every one of the 15 group pairs (Henseler, Ringle and Sinkovics,
2009; Sarstedt, Henseler and Ringle, 2011). The reported Henseler probability is
directional; at the 5% level a difference is significant when the Henseler p-value is
below 0.05 or above 0.95, with the latter indicating a significant difference in the
opposite direction.

Group differences were interpreted only after the three-step MICOM procedure
(Henseler, Ringle and Sarstedt, 2016). Configural invariance followed from identical
indicators, coding and estimation. Compositional invariance and equality of
composite means and variances were evaluated with 5,000 global label permutations
preserving all six sample sizes. The same permutations produced a six-group
omnibus heterogeneity test and 15 pairwise permutation-MGA probabilities; the
pairwise permutation probabilities were adjusted by Holm’s method. Permutation
MGA was treated as a robustness check distinct from classical bootstrap-based PLS-
MGA.

Sensitivity analyses included the three alternative measurement specifications,
common-method diagnostics, and a controlled model adding age, gender indicators,
Al-use frequency and metropolitan fixed effects. Inner VIF was used only to assess
predictor collinearity. Neither low VIF nor Harman’s first component can
demonstrate the absence of common-method bias (Podsakoff er al., 2003; Kock,
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2015; Fuller et al., 2016). All item-level measurement results, hypothesis tests,
group comparisons and common-method diagnostics used for interpretation are
reported in the manuscript.

3.4 Ethics and Consent

Participation was voluntary. Before entering the questionnaire, panel members were
informed about participation in the study and the processing and storage of their data
for scientific publications; they could proceed only after recording affirmative
informed consent. All 3,528 analysed records contained this affirmative consent. The
study was an anonymous, non-interventional survey of adults and involved no
clinical intervention, medical experimentation, biological material or access to
patient records. Under the rules applicable to this type of anonymous, non-
interventional opinion survey, formal review by a research ethics committee was not
required. Accordingly, the study was conducted without ethics committee review.

4. Research Results
4.1 Descriptive Results and Measurement Model

On the original 1-7 metric, construct means were 5.05 for EE (SD = 1.25), 5.23 for
ER (SD = 1.25), 5.32 for PR (SD = 1.14), 5.20 for DHA (SD = 1.24) and 4.86 for
AIT (SD = 1.51). Table 2 reports an outer loading for every survey item selected in
the model note. All 13 primary-model loadings exceeded 0.830. The four remaining
selected items are shown in the diagnostic specification in which each was
evaluated, so their exclusion from the primary model remains transparent.

Table 2. Item-level outer loadings for all selected survey questions

Specificati | Outer Primary

. A t
on loading | status ssessment

Construct role | Item

Personal

resilience (PR) Q1 |Primary |0.854 Retained | Above 0.708

Personal . .

resilience (PR) Q2 |Primary |0.867 Retained | Above 0.708
Personal . .

resilience (PR) Q3 |Primary |0.867 Retained | Above 0.708
Personal

resilience (PR) Q4 |Primary |0.863 Retained | Above 0.708

Emotion

regulation (ER) Q5 |Primary |0.924 Retained | Above 0.708

Emotion

regulation (ER) Q6 |Primary |0.923 Retained | Above 0.708
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Construct role | Item Specificati Oute.r Primary Assessment
on loading | status
Educational
environment Q9 |Primary |0.866 Retained | Above 0.708
(EE)
Educational
environment Q10 |Primary |0.830 Retained | Above 0.708
(EE)
Educational
environment Q11 |Primary |0.877 Retained | Above 0.708
(EE)
Al-use self- Q17 Al—user losas Excluded Se'lf—‘efﬁcacy; structurally
efficacy diagnostic missing for non-users
Al trust (AIT) |[Q19 |Primary |0.923 Retained | Above 0.708
Al trust (AIT) |Q20 |Primary |0.920 Retained | Above 0.708
. Literal Reverse-coded risk concern did
Al risk concern | Q21 diagnostic -0.077 | Excluded not reflect AIT
Proposed DHA | Q31 Q.31_Q3.4 0.678 Excluded B'elp w 0708, no  necessary
diagnostic digital component
Digital  health
adaptation Q32 |Primary |0.909 Retained | Above 0.708
(DHA)
Proposed DHA | Q33 |Q17Q34 16875 | pxcluded | EXPlicit ~Al-trust — wording
diagnostic creates criterion contamination
Digital  health
adaptation Q34 |Primary |0.924 Retained | Above 0.708
(DHA)

Source: Authors’ calculations. Q21r = 8 — Q21. Q17 was estimated among Al users (n =
3,133); 031 and Q33 were evaluated in the Q31-Q34 DHA diagnostic on the full sample.

The construct-level results in Table 3 show that primary-model alpha and CR
exceeded 0.80 and AVE exceeded 0.73. Convergent validity and internal consistency
were therefore satisfactory, subject to the limitations of two-indicator ER, DHA and

AIT constructs.

Table 3. Primary reflective-construct reliability and convergent validity

Construct Indicators Cronbach’s a | CR AVE
Educational environment (EE) Q9-Q11 0.819 0.893 0.737
Emotion regulation (ER) Q5-Q6 0.827 0.921 0.853
Personal resilience (PR) Q1-Q4 0.885 0.921 0.744
Digital health adaptation (DHA) Q32,Q34 0.809 0.913 0.840
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Construct Indicators Cronbach’s a | CR AVE
Al trust (AIT) Q19-Q20 0.821 0.918 0.849

Source: Authors’ calculations. CR = composite reliability; AVE =
extracted.

average variance

Discriminant validity was satisfactory for every pair except ER-PR (Table 4). Their
HTMT of 0.941 exceeded both recommended thresholds, indicating that respondents
did not clearly distinguish self-reported emotion-regulation capability from personal
resilience. H3 cannot therefore be treated as a clean relationship between empirically
distinct latent variables.

Table 4. HTMT discriminant-validity matrix

Construct EE ER PR DHA AIT
EE —

ER 0.785 —

PR 0.784 0.941 —

DHA 0.632 0.529 0.532 —

AIT 0.604 0.503 0.521 0.775 —

Source: Authors’ calculations. The bold value exceeds the liberal 0.90 criterion.

4.2 Structural Model and Hypothesis Tests

All inner VIF values were at most 1.732, so predictor collinearity was not
problematic. The model explained 42.3% of ER, 68.7% of PR, 20.4% of DHA and
43.3% of AIT variance. Table 5 and Figure 1 report the structural estimates.

Table 5. Primary structural paths (5,000 stratified bootstrap samples)

Path Hypothesis | B ];cgotstrap 95% CI p VIF |f?

EE — ER H3 0.650 |0.013 [0.624, 0.675] | <0.001 |1.000 |0.732
component

EE — PR H3 direct 0.256 [0.016 [0.224, 0.288] | <0.001 |1.732 |0.121

ER — PR H3 0.639 [0.016 [0.608, 0.669] | <0.001 |1.732 |0.754
component

PR — DHA H2 0.452 10.017 [0.417,0.485] | <0.001 |1.000 |0.256
component

PR — AIT H1 0.200 |0.017 [0.166, 0.235] | <0.001 |1.256 |0.056

DHA — AIT H2 0.543 {0.017 [0.509, 0.576] | <0.001 |1.256 |0.414
component

Source: Authors’ calculations. Standardised coefficients; percentile bootstrap confidence

intervals.
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Figure 1. Primary PLS path model. Source: Authors’ calculations.

s 0,650+ B=0.639*+ 13 0.452%+* |3 0543+ A\T
F.’2 0423 RZ 0 687 R2 0204 R2 0.433

B=0.256%** B=0.200*+*

Primary conservative specification; standardized PLS path coefficients
Source: Own study.

H1 was supported as a positive conditional association: PR retained a small direct
link with AIT (B = 0.200). H2’s indirect association was 0.245 (95% CI [0.223,
0.269]), while the total PR—AIT association was 0.445 (95% CI [0.414, 0.476]). The
direct and indirect terms were both positive, corresponding to complementary partial
statistical mediation. Because ordering was not observed over time, “mediation”
here denotes covariance decomposition rather than a demonstrated causal process.

The H3 indirect term EE — ER — PR was 0.416 (95% CI [0.392, 0.440]); the direct
EE — PR path was 0.256 and the total association was 0.672 (95% CI [0.646,
0.696]). Although the product term excluded zero, the ER-PR HTMT failure means
that H3 was not confirmed as a relationship between distinct constructs. The
exploratory full chain EE — ER — PR — DHA — AIT was 0.102 (95% CI [0.091,
0.113]). Table 6 consolidates the inferential decision for every hypothesis.

Table 6. Hypothesis tests and inferential conclusions

Hypp Test/effect Estimate Bootstra 95% CI |p Conclusion
thesis p SE
Hl |PR — AIT 0.200 0.017 | 10166, 1 4 gy | Supported as a positive
0.235] conditional association
Supported as a cross-
PR — DHA — [0.223, : L
H2 AIT 0.245 0.012 0.260] <0.001 sect10.na.l indirect
association
[0.392, Not confirmed because
H3 EE — ER — PR [0.416 0.012 0.440] <0.001 ER_PR HTMT = 0.941
. Not supported after
Six-group  DHA Variance MICOM; invariance
H4 — AIT — — <0.001 | ... .
. =0.0186 failed in every
heterogeneity . .
significant pair

Source: Authors’ calculations. HI-H3 use 5,000 stratified bootstrap samples. H4 p is the
six-group permutation probability; the full classical PLS-MGA and MICOM results appear
in Table 8.
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4.3 Multigroup Results

The DHA — AIT coefficient was positive in every sample, ranging from 0.200 in
Beijing to 0.567 in Montreal (Table 7). The six-group omnibus permutation test
indicated heterogeneity (p = 0.0002). Classical Henseler PLS-MGA identified
differences only in the five comparisons involving Beijing: the directional Henseler
probabilities were below 0.001 when the non-Beijing sample was listed first and
above 0.999 for Beijing—Prague.

None of the other ten comparisons crossed the classical 0.05/0.95 limits; their
probabilities ranged from 0.091 to 0.949. The independent permutation MGA
produced the same five pairwise decisions after Holm correction (adjusted p =
0.003). The directional premise that GZM and Istanbul would exceed New York and
Montreal was not observed.

Table 7. DHA — AIT path by metropolitan sample

Sample n B Bootstrap SE 95% CI

GZM 858 0.479 0.037 [0.404, 0.550]
Istanbul 550 0.534 0.055 [0.428, 0.638]
Montreal 500 0.567 0.039 [0.488, 0.641]
New York 550 0.546 0.044 [0.456, 0.628]
Beijing 550 0.200 0.050 [0.104, 0.300]
Prague 520 0.496 0.036 [0.426, 0.566]

Source: Authors’ calculations; 5,000 bootstrap samples within each group.

Figure 2. Metropolitan-sample DHA — AIT paths.

Montreal 4 —_——
New York - —_——
Istanbul - ®
Prague - ——
GZM A ——
Beijing - I .
OjU U.'l 0j2 0.'3 014 0:5 016

DHA - AIT standardized path coefficient (95% bootstrap Cl)

Source: Authors’ calculations.
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Table 8 reports every pairwise result. MICOM changes the interpretation: configural
invariance was established, but DHA compositional invariance failed in all five
comparisons involving Beijing. In those comparisons the observed composite-score
correlations of 0.99814-0.99899 fell below their Sth-percentile permutation cut-offs.
Thus, the apparently distinctive Beijing path may partly reflect a different
composition of DHA rather than structural moderation. Compositional invariance
held for all non-Beijing DHA comparisons, where neither classical PLS-MGA nor
permutation MGA identified a difference. H4 was therefore not supported as a valid
cross-group moderation claim.

Table 8. Classical Henseler PLS-MGA, permutation MGA and DHA compositional
invariance

Comparison 8 oaHolmp | PHAC |55 | almvarance
GZM-Istanbul -0.055 |0.799 1.000 0.99998 |0.99960 |Yes
GZM-Montreal -0.088 |0.949 1.000 0.99996 |0.99958 | Yes
GZM-New York -0.067 |0.877 1.000 0.99997 10.99960 |Yes
GZM-Beijing 0.279 |<0.001 |0.003 0.99864 [0.99959 |No
GZM-Prague -0.017 |0.637 1.000 1.00000 [0.99958 | Yes
Istanbul-Montreal -0.033 | 0.685 1.000 0.99988 [0.99949 | Yes
Istanbul-New York -0.012 | 0.561 1.000 1.00000 [0.99951 | Yes
Istanbul-Beijing 0.334 |<0.001 |0.003 0.99897 [0.99952 |No
Istanbul-Prague 0.038 |0.284 1.000 0.99998 |0.99950 | Yes
Montreal-New York 0.021 |0.355 1.000 0.99987 10.99949 | Yes
Montreal-Beijing 0.367 |<0.001 |0.003 0.99814 [0.99946 |No
Montreal-Prague 0.071 [0.091 1.000 0.99996 [0.99948 | Yes
New York—Beijing 0.346 |<0.001 |0.003 0.99899 [0.99950 |No
New York—Prague 0.050 |0.195 1.000 0.99997 [0.99946 | Yes
Beijing—Prague -0.296 {>0.999 |0.003 0.99863 [0.99947 |No

Source: Authors’ calculations from 5,000 group-specific bootstrap samples and 5,000 global
permutations. Af = first-listed group minus second-listed group. Classical Henseler p is
directional and significant at 5% when p < 0.05 or p > 0.95. DHA compositional invariance
requires observed c to be at least its Sth-percentile permutation cut-off.

4.4 Sensitivity and Common-Method Diagnostics

Table 9 shows why the measurement corrections matter. The literal model produced
a seemingly high AIT R? of 0.496, but contained Q21r with a —0.077 loading and an
unreliable AIT block. Among Al users, an AIT block comprising Q17, Q19 and Q20
was reliable (o = 0.823); the focal positive paths persisted. Adding Q33 to DHA
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increased the DHA — AIT path from 0.543 to 0.609 and the indirect term from
0.245 to 0.307, consistent with expected criterion-contamination inflation.

Table 9. Measurement-specification sensitivity

Specificatio PR —|PR — |DHA — |H2 ) . .
n n AIT |DHA |AIT  |indirect | AT R |Key qualification
Primary Valid focal blocks;
conservative 3,528 [0.200 |0.452 [0.543 0.245 0.433 ER_PR HTMT fails
. Q21Ir  loading
Literal 3,133 [0.238 |0.531 [0.548 0291 |0.496 |—0.077; AIT o =
proposed

0.631
Al users, Conditions on Al
Q17 + Q19—|3,133 [0.297 ]0.480 |0.464 0.223 0.436 |use; Q17 is self-
Q20 efficacy

3 Q33 explicitly

Q31-Q34 a5 |3 578 10.138 |0.505 |0.609 0307 |0.474 |mentions
DHA

trust/openness to Al

Source: Authors’ calculations.

In the controlled sensitivity model, the PR — DHA, PR — AIT and DHA — AIT
coefficients remained positive after adding age, gender indicators, Al-use frequency
and metropolitan fixed effects: p = 0.351 (95% CI [0.313, 0.389]), 0.167 (95% CI
[0.135, 0.199]) and 0.399 (95% CI [0.364, 0.435]), respectively. The controlled
indirect term was 0.140 (95% CI[0.120, 0.161]) and controlled AIT R? was 0.533.

The first unrotated component accounted for 52.4% of variance. Full-collinearity
VIF ranged from 1.807 to 3.240 (Table 10). ER and PR exceeded the strict value of 3
used for the structural inner model, although all five values remained below the
commonly used 3.3 full-collinearity diagnostic threshold. These diagnostics do not
prove or disprove bias, but they reinforce the likelihood of common-source
covariance—especially between ER and PR. Structural inner VIF below 3 addresses
predictor redundancy only; it does not remove common-method bias.

Table 10. Common-method sensitivity using full-collinearity VIF

Construct Full-collinearity R? | Full-collinearity VIF Assessment against 3.3

EE 0.543 2.187 Below threshold

ER 0.672 3.048 Below threshold; above 3.0
PR 0.691 3.240 Below threshold; above 3.0
DHA 0.461 1.857 Below threshold

AIT 0.447 1.807 Below threshold

Source: Authors’ calculations. Full-collinearity VIF is a sensitivity diagnostic and is distinct
from the inner VIF values reported for structural paths in Table 5.
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5. Discussion

The findings lead to four distinct inferential conclusions. Personal resilience was
positively associated with favourable expectations of Al supporting H1. Digital
health adaptation carried a positive part of this association, supporting H2 as a cross-
sectional indirect association. By contrast, the proposed educational pathway could
not be interpreted as an indirect relation between distinct constructs because emotion
regulation and personal resilience lacked discriminant validity; H3 was therefore not
confirmed.

The DHA — AIT path varied across the six metropolitan samples, but the
comparisons producing the apparent Beijing difference failed compositional
invariance. H4 was consequently not supported. These decisions reflect effect
magnitude and measurement quality, rather than statistical significance alone.

For H1, the direct PR — AIT coefficient was positive but modest ( = 0.200, p <
.001, 95% CI [0.166, 0.235]) after DHA was included. The result extends the
resource perspective developed in research on technology self-efficacy. Montag et
al. (2023) found that self-efficacy was associated with Al acceptance directly and
through a general propensity to trust automated technology, while Naiseh et al.
(2025) reported a positive relationship between self-efficacy and Al attitudes when
Al competence was modelled as an intervening variable.

The smaller coefficient obtained for resilience is plausible because resilience is a
broad perception of adaptive capacity, whereas AIT concerns a particular class of
technology. This interpretation accords with reviews distinguishing general
dispositions from learned, system-specific trust (Glikson and Woolley, 2020; Benk e?
al., 2025).

Organisational evidence also shows that technological social responsibility can
reduce resistance to technological change and strengthen positive attitudes towards
Al integration (Piwowar-Sulej et al., 2026). The relationship is nevertheless context
dependent. Cura et al. (2026) found no mediating role of resilience between attitudes
towards Al-assisted applications and perceptions of nursing values. The present
study therefore supports H1 as a positive conditional association, not as evidence
that resilience is a universal antecedent of Al trust.

H2 received stronger empirical support. PR was positively associated with DHA (f =
0.452), DHA had a comparatively large association with AIT (B = 0.543), and the
indirect PR — DHA — AIT coefficient was 0.245 (95% CI [0.223, 0.269]). The total
PR-AIT association reached 0.445, and the model explained 43.3% of AIT variance.

The pattern is consistent with a mastery-based interpretation: general coping
resources may facilitate engagement, whereas experience with concrete digital tools
provides more immediate evidence that technology is manageable and useful. Recent
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health-care studies similarly identify prior use, familiarity, training, usability,
reliability and meaningful human control as determinants of Al acceptance and trust
(Kauttonen et al., 2025; Tun et al., 2025; Reinhardt et al., 2025). Jiménez-Garcia et
al. (2026) found that digital health competence was positively associated with health
professionals' attitudes towards Al, and Bang and Hur (2026) reported corresponding
relationships for digital literacy and Al ethics awareness among nursing students.

These findings are consistent with the systematic review by Bewersdorff et al.
(2025), which linked Al literacy to affective, behavioural and cognitive outcomes,
although the strength of the associations depended on measurement. Montag and Ali
(2026) likewise found that prior ChatGPT use was associated with greater trust in
that system. H2 is therefore supported, but only as a cross-sectional indirect
association, not as demonstrated temporal mediation.

The evidence from other studies also identifies boundaries to H2. Matthes et al.
(2026) found that health literacy did not predict intentions to use generative Al for
health information after established technology-acceptance variables were
considered. This divergence may result from differences between general health
literacy and adaptation to digital health tools, as well as between behavioural
intention and favourable expectations.

Zhu et al. (2026) further demonstrated that patients' evaluations of health-care Al
changed when information about performance, regulatory approval and provider
oversight was supplied. DHA should therefore be interpreted as a proximal correlate
whose relevance may diminish when users receive diagnostic information about a
particular system. The result supports calibrated reliance rather than the
maximisation of trust. This interpretation is consistent with research showing that
appropriate trust depends on evidence about competence, context and user goals
(Dewalska-Opitek et al., 2024; Jacovi et al., 2021; Mehrotra et al., 2024), and with
Leffrang et al. (2026), who found that Al-literate programmers relied less on poor
coding advice.

The sensitivity analysis clarifies why the estimate should remain conservative.
Reintroducing the criterion-contaminated Q33 item increased the DHA — AIT
coefficient from 0.543 to 0.609 and the indirect coefficient from 0.245 to 0.307. The
higher values partly reproduced overlap in item content rather than providing
stronger evidence for the proposed relationship.

This finding corresponds with reviews that identify inconsistent constructs and
heterogeneous measurement as persistent weaknesses of Al-trust research (Ueno et
al., 2022; Aquilino et al., 2025; Benk et al., 2025). It also accords with studies
demonstrating that positive Al attitudes, negative concerns, competence and
confidence are related but non-equivalent constructs (Schepman and Rodway, 2020,
2023; McGrath et al., 2025; Montag and Ali, 2026). The retained two-item DHA
specification consequently provides the more defensible basis for the H2 decision.
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The result for H3 requires a different interpretation. The EE — ER — PR indirect
coefficient was large (f = 0.416, 95% CI [0.392, 0.440]), the direct EE — PR path
was 0.256, and the total association was 0.672. However, the ER-PR HTMT value of
0.941 exceeded the accepted threshold for discriminant validity (Henseler et al.,
2015). The significant product term cannot establish an indirect relationship between
constructs that were not empirically distinct. The overlap is theoretically
understandable.

Emotion regulation is repeatedly identified as a central process in adaptation to
adversity (Polizzi and Lynn, 2021), Stover et al. (2024) reported a substantial meta-
analytic association between cognitive reappraisal and personal resilience, and
Masten et al. (2021) conceptualised resilience as an adaptive outcome arising from
interacting resources. These studies explain the conceptual proximity of ER and PR,
but they do not resolve the measurement problem or establish their directional
ordering. H3 is therefore not confirmed.

H4 was also not supported after the measurement-invariance assessment. The DHA
— AIT path was positive in every metropolitan sample and ranged from 0.200 in
Beijing to 0.567 in Montreal. Although the omnibus heterogeneity test was
significant, DHA failed compositional invariance in all five significant comparisons
involving Beijing. The coefficients may therefore not represent the same weighted
construct across those samples.

This caution is consistent with Talik et al. (2025), who obtained only partial metric
invariance for a brief Al-attitude scale across Poland, the United States and the
United Kingdom. Cross-national differences in Al attitudes and trust have been
reported by Montag et al. (2024), Naiseh et al. (2025) and Reinhardt et al. (2025),
but such differences require comparable measurement before they can be interpreted
substantively. In the present study, one metropolitan sample represents each country,
and translation, recruitment, urban infrastructure and national context remain
confounded. The Beijing result indicates sample heterogeneity, but it cannot be
attributed to Chinese culture or uncertainty avoidance.

The controlled model preserved the principal pattern. After age, gender, Al use and
metropolitan fixed effects were introduced, PR remained positively associated with
DHA (B = 0.351) and AIT (B = 0.167), DHA remained associated with AIT (B =
0.399), and the indirect association remained positive (p = 0.140).

The study therefore contributes an integrated account in which a broad adaptive
resource and more proximal digital experience occupy different positions in the
formation of Al attitudes. Its contribution is also methodological: criterion
contamination inflated the focal relationship, construct overlap prevented
confirmation of H3, and failed invariance prevented support for H4. The findings
consequently define both the empirical pattern and the limits within which it may be
interpreted.
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5.1 Practical Implications

Educational and organisational interventions should combine psychosocial coping
with guided, low-stakes digital experience. Users need opportunities to practise with
digital-health and Al-enabled tools, compare outputs with trusted sources, and
receive feedback on when reliance is warranted. Training and familiarity support
trust, but reliability, validation, transparency and meaningful human control remain
necessary (Tun et al., 2025).

Explanations should improve understanding rather than create a superficial
impression of transparency (Shin, 2021), while information about performance,
regulatory status and provider oversight can support informed evaluation (Zhu et al.,
2026). Positive expectations, risk concern, self-efficacy and actual reliance should be
assessed separately. Digital literacy and ethical awareness may foster informed
attitudes, whereas Al literacy may appropriately reduce reliance on poor advice
(Bang and Hur, 2026; Leffrang et al., 2026).

5.2 Limitations and Future Research

The present study seeks to address these limitations through a more rigorous and
context-sensitive examination of the proposed relationships. First, the design is
cross-sectional and observational. Cross-sectional indirect effects can differ
markedly from longitudinal mediation and cannot establish temporal ordering
(Maxwell, Cole and Mitchell, 2011). Reverse and reciprocal paths remain plausible:
trust in technology may encourage digital-health use, and favourable response style
may raise all positive ratings.

Second, every focal variable came from the same questionnaire. The common-
method diagnostics and ER-PR overlap warrant caution. Future studies should
separate measurement occasions, add behavioural indicators and obtain external
measures of educational support or digital-health use.

Third, the indicators were tailored survey statements rather than complete validated
scales, several constructs retained only two indicators, and cross-language
measurement equivalence was not fully established. Confirmatory ordinal SEM,
exploratory structural equation modelling and out-of-sample prediction should be
used in a new sample.

Fourth, the metropolitan samples are not treated as nationally representative;
conclusions are limited to the six analysed samples. A multilevel design with several
cities per country and individual cultural-value measures is required to test cultural
moderation.

Finally, the primary item corrections were theoretically necessary but data-informed;
they require preregistered replication.
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6. Conclusions, Proposals and Recommendations

Across 3,528 adults from six metropolitan areas, perceived resilience was positively
associated with favourable expectations of Al, directly and indirectly through digital
health adaptation. DHA was the more proximal correlate, and the pattern remained
positive after demographic, Al-use and metropolitan controls. The results support an
integrated account in which general adaptive resources and concrete digital
experience occupy different positions in the formation of Al attitudes, but they do
not establish a temporal causal sequence.

The article's central contribution is equally defined by its boundaries. H3 could not
be confirmed because emotion regulation and resilience were insufficiently distinct,
while H4 could not be supported because DHA failed compositional invariance in
the relevant group comparisons. The practical aim should not be to maximise trust.

Psychosocial resources, digital competence and ethical awareness should instead
support informed, critical and context-sensitive reliance. Longitudinal, behavioural
and measurement-invariant research is required to establish whether this pattern
produces genuinely calibrated trust.
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