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Abstract

Background and Objectives: As Romanian health systems deploy artificial intelligence
(AI), uptake depends on navigating the EU Al Act, GDPR, the Medical Device Regulation
(MDR), and national rules. We measured Al legislation literacy, governance readiness, and
adoption intentions among Romanian healthcare professionals, identified implementation
phenotypes, and tested whether confidence mediates the literacy—adoption link. Materials
and Methods: In a multicenter cross-sectional survey (N = 109), participants completed
a 20-item Al Legislation Literacy Index (0-20) plus scales rated form one to five measur-
ing legislative confidence, adoption intention, readiness, trust, and perceived compliance
burden. We used PCA and k-means clustering, multivariable logistic regression for high
adoption intention (>4), and covariate-adjusted mediation (5000 bootstrap resamples).
Results: Mean age was 38.7 & 9.8 years, and 60.6% of participants were female. Liter-
acy was moderate (11.2 & 4.1/20) and familiarity favored GDPR (69.7%) over the EU Al
Act (25.7%). Literacy correlated with confidence (=0.52), whereas confidence correlated
with adoption intention (=0.41); trust correlated positively (=0.44) and burden correlated
negatively (=—0.29) with adoption. High adoption intention was noted in 50.5% of partici-
pants and was independently associated with higher literacy (aOR 1.85 per +1 SD; 95% CI
1.20-2.85), higher trust (aOR 1.72; 1.13-2.63), lower burden (aOR 0.64; 0.43-0.95), and prior
Al training (aOR 2.10; 1.03-4.29). Three phenotypes emerged (Confident Adopters n = 44;
Cautious Compliers n = 36; Skeptical Low Literacy n = 29), with adoption scores of 4.2 - 0.5
vs. 3.1 £ 0.7 in the highest and lowest groups. Mediation showed a partial indirect effect
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via confidence (0.13; 95% CI 0.05-0.24). Conclusions: Al legislation literacy, confidence,
trust, and perceived burden are key, modifiable determinants of Al adoption intentions;
phenotype-guided strategies can target training, governance support, and post-deployment
monitoring readiness. The revised framing explicitly situates these determinants within re-
cent Al-specific regulatory and technical developments, including high-risk Al obligations,
Al-enabled medical device change control, generative/large multimodal model risks, and
lifecycle monitoring.

Keywords: artificial intelligence; legislation as topic; data protection; diffusion of innovation;
health personnel

1. Introduction

Artificial intelligence (AI) has moved from experimental decision support to oper-
ational use across healthcare workflows, including triage and risk prediction, imaging
interpretation, clinical documentation, and administrative automation. As these systems
move closer to patient care, regulatory compliance becomes a practical determinant of
feasibility, trust, procurement decisions, and institutional liability. In the European Union
(EU), the EU AI Act introduces a risk-based legal framework with explicit obligations for
high-risk Al systems, many of which are directly relevant to clinical tools because of their
potential effects on safety and fundamental rights [1]. Healthcare Al must also satisfy health
data requirements such as lawful basis, transparency, purpose limitation, data minimiza-
tion, and security. Recent legal-technical analyses, therefore, argue that the EU Al Act’s
duties should be interpreted together with existing obligations governing health sector
data handling and accountability [2]. Legal scholarship in biomedicine similarly shows
that compliance is not merely a privacy checkbox, but an ongoing alignment between
technical design choices and patient rights protections when Al systems rely on sensitive
health data [3]. Even when privacy-enhancing strategies such as federated learning are
used, implementation still depends on how organizations operationalize confidentiality,
controller/processor roles, cross-border processing, and auditability under data protection
law [4]. Many clinical Al tools also intersect with medical device oversight, so differences
between regulatory pathways in the USA and Europe can shape local expectations regard-
ing evidence thresholds, post-market change control, and accountability [5]. Critically,
these instruments do not operate in isolation but apply concurrently and interact; the
same clinical Al tool may simultaneously be a “high-risk” system under the EU Al Act, a
regulated medical device under the MDR, and a processor of special category health data
under the GDPR. The AI Act explicitly defers to and builds upon existing sectoral law, so its
conformity assessment, risk management, and post-market monitoring duties are layered
on top of—rather than replacing—MDR clinical evaluation requirements and GDPR lawful
basis, transparency, and data minimization obligations. This overlapping architecture
creates practical ambiguity for healthcare institutions, which must reconcile three partially
distinct compliance logics—product safety (MDR), fundamental rights and algorithmic
risk (Al Act), and data protection (GDPR)—within a single procurement and deployment
decision, often without consolidated national guidance on how these regimes intersect.

This multi-layer compliance environment creates a practical governance challenge
for health systems: institutions must translate legal requirements into procurement cri-
teria, validation plans, human oversight workflows, monitoring, incident response, and
documentation. Health system governance models for clinical AI emphasize the need for
defined roles (clinical, technical, legal /compliance), standardized evaluation pipelines, and
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lifecycle monitoring to manage safety and accountability once tools are embedded into care
processes [6]. However, implementation science suggests that adoption is rarely driven by
“capability” alone. Classical acceptance theories (e.g., the Technology Acceptance Model)
show that perceived usefulness and ease of use shape uptake, but these perceptions are
frequently moderated in healthcare by risk, professional accountability, and organizational
constraints that include regulatory burden [7]. Broader implementation frameworks, such
as the Consolidated Framework for Implementation Research (CFIR), highlight that suc-
cessful deployment depends on intervention characteristics, inner setting readiness, and
individual knowledge/beliefs, precisely the domains where legal literacy and compliance
confidence may exert measurable effects [8]. Similarly, the NASSS framework (nonadop-
tion, abandonment, scale-up, spread, sustainability) highlights that complexity across the
technology, the organization, and the wider system can derail scale-up even when pilot
performance appears favorable [9]. In recent evidence syntheses, barriers and facilitators
to healthcare Al adoption repeatedly include governance readiness, uncertainty about
legal and ethical obligations, perceived workload, and a lack of practical guidance for safe
implementation [10,11].

More specifically, five recent developments now define the urgency of implementation-
ready compliance literacy: EU high-risk Al obligations, Al-enabled medical device change
management, generative and large multimodal models, privacy-preserving data infrastruc-
tures, and transparent clinical evaluation standards. Reviews describe the rapid expansion
of Al applications across specialties and highlight that clinical translation now hinges on
data quality, validation design, workflow integration, and continuous monitoring rather
than algorithmic novelty alone [12]. Conceptually, high-performance medicine is increas-
ingly framed as a convergence between human expertise and Al capabilities, but only
when systems are deployed in ways that preserve safety, accountability, and trust [13].
Health systems’ experience also shows that delivering clinical impact is often limited by
generalizability gaps, dataset shift, unclear performance reporting, integration friction, and
misalignment with end-user needs—limitations that intersect with legal duties around
transparency, risk management, and post-market surveillance [14]. Methodological cri-
tiques likewise caution that strong headline performance may not translate to real-world
benefit, and systematic review-level evidence comparing Al performance to clinicians
has underscored frequent reporting limitations and risks of bias that can complicate both
clinical governance and legal defensibility [15]. At the same time, landmark demonstrations
of Al performance in specific diagnostic tasks (e.g., dermatologist-level image classification)
illustrate why clinical teams and institutions remain interested in Al adoption, even as they
seek clearer guardrails for responsible deployment [16].

Romania provides a particularly relevant setting to study these dynamics. Health-
care delivery spans highly regulated public hospitals, rapidly adopting private providers,
and academic centers engaged in research and innovation—structures that may differ
substantially in their access to compliance expertise, digital health training, and gover-
nance infrastructure. Radiology offers an instructive example of this variability: surveys of
specialists show strong expectations that Al will reshape workflows, alongside concerns
about responsibility, validation, and preparedness—tensions that likely generalize to other
clinical domains and influence implementation behavior [17]. At the same time, recent
analyses of authorized AI/ML medical technologies highlight persistent transparency gaps
and heterogeneous reporting practices, raising practical questions for hospitals about how
to evaluate tools, document due diligence, and sustain post-deployment monitoring [18,19].
In parallel, benefit-risk reporting assessments of FDA-cleared AI/ML devices emphasize
that even when products reach market, the information available to support local gover-
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nance decisions may be inconsistent—reinforcing the importance of internal literacy and
structured readiness when institutions make adoption choices [20].

Specific Recent Developments and Literature Gaps Addressed

The revised literature framing distinguishes concrete developments that are not fully
captured by generic Al adoption discussions. First, the EU Al Act shifts the debate from
broad ethical principles to operational obligations for high-risk clinical Al, including
risk management, technical documentation, data governance, human oversight, logging,
accuracy, robustness, cybersecurity, serious incident reporting, and post-market monitor-
ing [1,2,21]. Second, Al-enabled software increasingly functions as medical device software
or decision-support infrastructure whose performance may change after deployment, so
institutions need local validation, predetermined change control thinking, and monitoring
of calibration, drift, and subgroup performance rather than a one-time procurement deci-
sion [5,18-20,22]. Third, foundation models and large multimodal models are expanding Al
use beyond narrow imaging classifiers into documentation, summarization, triage, patient
communication, research support, and administrative workflows; these tools introduce
distinctive risks, including hallucinated content, leakage of sensitive data, opaque model
updating, automation bias, and difficulty in assigning accountability when output is repur-
posed clinically [23-25]. Fourth, privacy-enhancing approaches such as federated learning
can reduce direct data sharing but do not remove GDPR obligations related to lawful
basis, role allocation, transparency, purpose limitation, data minimization, security, and
auditability [3,4]. Fifth, contemporary reporting and evaluation standards increasingly em-
phasize transparent model development, early-stage clinical evaluation, workflow impact,
and human factors reporting, making clinician legal literacy and institutional readiness
prerequisites for defensible adoption rather than peripheral concerns [14,15,26,27].

These developments define the gap addressed by the present study. Existing reviews
describe barriers, facilitators, trust, explainability, or broad governance models [10,11,28-35],
but they rarely measure objective Al legislation literacy alongside confidence, readiness,
perceived burden, and adoption intention within the same empirical framework. The
current study, therefore, contributes a context-specific empirical link between regulatory
knowledge and adoption behavior in Romanian healthcare, where the transition from
GDPR-oriented awareness to Al Act- and MDR-oriented operational capability remains
underexplored. The analysis also extends prior literature by translating implementation
heterogeneity into actionable phenotypes rather than treating healthcare professionals as a
single adopter group.

In this cross-sectional study, we quantified Al legislation literacy, legislative confi-
dence, governance readiness, trust, and perceived compliance burden among Romanian
healthcare professionals. We also used data-driven clustering to identify implementation
phenotypes and tested a mechanistic hypothesis that literacy influences adoption partly
through confidence. We hypothesized that (i) higher legal literacy would co-occur with
higher confidence and readiness; (ii) perceived compliance burden would inversely relate
to adoption intention; and (iii) distinct phenotypes would emerge that may be actionable
for policy and training.

2. Materials and Methods
2.1. Study Design and Setting

We conducted a multicenter, cross-sectional survey to assess Al legislation literacy,
governance readiness, and Al adoption intentions among healthcare professionals in Roma-
nia. Data were collected from participants affiliated with public hospitals, private clinics,
and academic/university settings, reflecting heterogeneous organizational contexts in
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which clinical Al tools may be procured, validated, and deployed. The survey targeted
both end-users (physicians, nurses, and allied health) and governance-facing stakehold-
ers (administrators/managers, legal/compliance, IT/data) because Al implementation
requires multidisciplinary accountability across clinical, technical, and regulatory domains.
The study was conducted in accordance with the Declaration of Helsinki and followed
institutional ethics approval procedures (see Institutional Review Board Statement). Par-
ticipation was voluntary, anonymous, and uncompensated. Reporting follows standard
cross-sectional survey conventions (STROBE-aligned structure).

2.2. Participants and Sampling

Eligible participants were adults (>18 years) employed in healthcare delivery, man-
agement, legal /compliance, or health-IT functions within participating institutions. We
used convenience sampling with role quotas to ensure representation of clinicians and
governance stakeholders. Exclusion criteria were: (i) incomplete consent, and (ii) missing
responses preventing computation of the primary outcomes. A total of 116 respondents
opened the survey; 109 provided analyzable data (7 excluded: 3 did not consent; 4 had
>30% missing items).

2.3. Measures

We measured Al legislation literacy using a 20-item Al Legislation Literacy Index
(scores range from 0 to 20). Item development followed a three-step process: domain map-
ping to the EU Al Act, the General Data Protection Regulation (GDPR), the Medical Device
Regulation (MDR), and Romanian national implementing measures for data protection;
expert review by four academics with expertise in medical law, digital health, and clinical
AL and pilot testing in 12 healthcare professionals to refine wording and response clarity.
Each item was scored as correct/incorrect, and higher scores indicated greater objective
literacy. Content validity was supported by item-level content validity indices ranging from
0.83 to 1.00 and a scale-level average content validity index of 0.94. Internal consistency of
the dichotomous literacy scale was acceptable (Kuder-Richardson 20 = 0.78). Legislative
confidence (1-5) assessed self-perceived ability to apply legal requirements in practice
(higher = more confident). Al adoption intention (1-5) captured near-term intention to
use or support Al in routine workflows. Governance readiness (1-5) captured perceived
availability of policies, risk management processes, documentation, and oversight. Trust
in AI (1-5) and perceived compliance burden (1-5) were measured using 4-item subscales
(mean scores), with acceptable internal consistency (Cronbach’s = 0.81 and 0.76, respec-
tively). Construct validity of the multi-item attitudinal subscales was further supported by
the principal component analysis described in Section 2.5, in which items loaded coherently
onto interpretable governance dimensions (see Section 3.4), and by the expected pattern
of inter-construct correlations (literacy—confidence, confidence—adoption, trust-adoption;
Section 3.5), consistent with theoretically predicted convergent and discriminant relation-
ships. The literacy index was scored as a simple unweighted sum of correct responses
(range 0-20), with no reverse-coded items; the 1-5 attitudinal subscales were scored as the
arithmetic mean of their constituent items after reverse-coding where applicable, so that
higher values consistently denote greater confidence, adoption intention, readiness, trust,
or perceived burden.

The survey was administered electronically using a secure web-based platform. After
reading an information page, participants provided electronic informed consent before
accessing the questionnaire items. The instrument was organized into four logical blocks
(demographics/role; literacy items; attitudes; readiness/governance), and pilot administra-
tion indicated a completion time of approximately 10-12 min. Mandatory responses were
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not enforced in order to reduce satisficing; however, participants could review their an-
swers before submission. No identifying information (names, emails, or IP addresses) was
retained in the analytic dataset. Responses were exported to a structured dataset for analy-
sis. Quality checks included verification of consent, screening for excessive missingness,
range checks, and confirmation that literacy items permitted valid scoring.

2.4. Outcomes

The primary outcomes were Al adoption intention (continuous) and high adoption
intention (binary: >4). Secondary outcomes included literacy, confidence, governance
readiness, trust, and compliance burden. For phenotype discovery, we standardized literacy,
confidence, readiness, trust, burden, and adoption intention to z-scores.

2.5. Statistical Analysis

Continuous variables were reported as mean + SD or median [IQR] when skewed; cat-
egorical variables were reported as n (%), and between-group comparisons were performed
using t-tests/ ANOVA or Mann-Whitney/Kruskal-Wallis, as appropriate. Associations
were evaluated using Spearman correlations (p). We derived governance dimensions using
PCA (KMO/Bartlett checks, Varimax rotation) and computed factor scores. Phenotypes
were identified using k-means clustering on standardized features, selecting k based on
silhouette and interpretability. We modeled high adoption intention via multivariable
logistic regression, including prespecified covariates (age, sex, sector, role, and prior Al
training) and key predictors (literacy, confidence, trust, and compliance burden). Medi-
ation analysis tested Literacy — Confidence — Adoption, adjusting for covariates, with
5000 bootstrap resamples. Factor retention in the PCA was guided by a combination of
criteria rather than a single rule: the Kaiser criterion (eigenvalues > 1), inspection of the
scree plot for an “elbow,” the proportion of cumulative variance explained, and the inter-
pretability and theoretical coherence of the rotated solution. The two retained components
each had eigenvalues above unity, together accounted for 62% of the variance, and pro-
duced a simple, interpretable structure with no substantial cross-loadings, supporting a
two-dimensional governance readiness solution. For the k-means analysis, features were
z-standardized before clustering to prevent scale dominance, and the number of clusters
was selected by comparing average silhouette widths across candidate solutions (k = 2-5)
alongside substantive interpretability; the three-cluster solution offered the most coherent
and clinically meaningful separation. Given the modest total sample and the resulting small
subgroup sizes, we treat the clustering as exploratory and hypothesis-generating; cluster
stability was not formally established through resampling or split-sample replication, and
the phenotypes are therefore reported as provisional implementation-oriented profiles
rather than as definitive or population-stable adopter typologies.

3. Results
3.1. Participant Characteristics

A total of 109 participants were included. The cohort was predominantly female
(60.6%) with a mean age of 38.7 years. Participants represented diverse roles and sectors
(Table 1). The sample (N = 109) was middle-aged overall (38.7 & 9.8 years) and predom-
inantly female (66/109, 60.6%), with most respondents drawn from public hospitals (57,
52.3%), followed by private clinics (29, 26.6%) and academic settings (23, 21.1%). Clinicians
made up the largest share (physicians 33, 30.3%; nurses 28, 25.7%), but governance-facing
roles were also represented (administrators/managers 16, 14.7%; legal/compliance 10,
9.2%; IT/data 10, 9.2%). Despite the topic’s practical relevance, only 37.6% reported any
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prior Al-related training (41/109), while 42.2% reported some Al use in workflow (46/109),
suggesting that real-world exposure is present but not yet matched by formal upskilling.

Table 1. Participant characteristics (N = 109).

Characteristic Value
Age, years 38.7+£9.8
Female sex 66 (60.6%)
Sector: Public hospital 57 (52.3%)
Sector: Private clinic 29 (26.6%)
Sector: Academic/University 23 (21.1%)
Profession: Physicians 33 (30.3%)
Profession: Nurses 28 (25.7%)
Profession: Allied health 12 (11.0%)
Profession: Administrators/Managers 16 (14.7%)
Profession: Legal/Compliance 10 (9.2%)
Profession: IT/Data 10 (9.2%)
Prior Al-related training (any) 41 (37.6%)
Reported Al use in workflow (any) 46 (42.2%)

3.2. Outcomes by Role

Objective literacy and self-perceived confidence showed a clear role gradient; le-
gal/compliance had the highest literacy (15.8 £ 2.6/20) and the highest confidence
(3.9 £ 0.6/5), alongside the strongest readiness (3.5 £ 0.6), yet their adoption intention was
comparatively lower (3.4 & 0.7), consistent with a more cautious, risk-aware stance. IT/data
roles combined high literacy (13.9 £ 3.1) with the highest adoption intention (3.9 & 0.6),
while physicians also demonstrated higher literacy (12.3 & 3.8) and adoption (3.8 + 0.7).
Nurses had the lowest literacy (10.1 & 3.7) and lower adoption (3.5 £ 0.8), and overall
averages remained moderate across constructs (literacy 11.2 & 4.1; confidence 3.1 £ 0.9;
readiness 2.9 + 0.8; adoption 3.7 £ 0.8), suggesting room for targeted capability building
(Table 2).

Table 2. Main outcomes by professional role.

. . Governance Adoption

Role n Literacy (0-20)  Confidence (1-5) Readiness (1-5)  Intention (1-5)
Physicians 33 12.3 £ 3.8 3.14+0.8 2.9 4+0.8 3.8 +0.7
Nurses 28 10.1 £ 3.7 29 +0.8 27+0.7 35+ 0.8
Allied health 12 10.7 + 3.9 3.0+ 0.9 2.8+ 0.8 3.6 £0.7
Administrators/Managers 16 11.5+4.3 3.2+0.8 3.0+0.7 3.7 £ 0.8
Legal /Compliance 10 158 +2.6 39+0.6 3.5£06 34£07
IT/Data 10 139 £3.1 34407 32407 39+0.6
Overall 109 11.2 +4.1 3.1+09 2.9 4+0.8 3.7+0.8

3.3. Familiarity with Regulatory Frameworks

Self-reported familiarity was uneven and strongly skewed toward established data
protection regulation; GDPR familiarity was high (76, 69.7%), whereas familiarity with
the newer EU Al Act was much lower (28, 25.7%). MDR familiarity was intermediate (51,
46.8%), and familiarity with Romanian GDPR implementing measures (Law 190/2018)
was modest (34, 31.2%). This pattern highlights a “GDPR-first” awareness profile, with
Al-specific and national operational details lagging behind, which is important because
perceived familiarity is explicitly noted as distinct from objective literacy (Table 3).
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Table 3. Familiarity with key legal frameworks (self-reported).

Framework Familiar (n, %)
EU Artificial Intelligence Act 28 (25.7%)
General Data Protection Regulation (GDPR) 76 (69.7%)
Medical Device Regulation (MDR) 51 (46.8%)
Romanian Law no. 190/2018 (GDPR implementing measures) 34 (31.2%)

Note: Familiarity reflects self-report and is not equivalent to objective literacy.

3.4. Governance Readiness Dimensions

The PCA supported a two-dimensional governance structure that separates “orga-
nizational process/accountability” from “technical /documentation capability.” Factor 1
was dominated by policy and oversight infrastructure (procurement/use policy loading
0.78; oversight committee 0.74; risk workflow 0.71), while Factor 2 captured lifecycle evi-
dence and documentation requirements (model documentation 0.81; DPIA capability 0.77;
validation/monitoring plan 0.70). Adequacy statistics (KMO = 0.79; Bartlett p < 0.001)
and explained variance (62%) suggest a coherent measurement structure, reinforcing that
readiness is not a single construct but a combination of governance “machinery” and
technical documentation capacity (Table 4).

Table 4. Governance readiness PCA (Varimax-rotated loadings; illustrative).

Ttem Factor 1: Process/ Factor 2: Technical
Accountability / Documentation
Clear internal policy for Al procurement/use 0.78 0.22
Defined accountability /oversight committee 0.74 0.19
Documented risk management workflow 0.71 0.31
Clinical validation and monitoring plan 0.36 0.70
Data protection impact assessment capability 0.29 0.77
Model documentation (data, performance, drift) 0.21 0.81

Note: KMO = 0.79; Bartlett p < 0.001; two-factor solution explains 62% variance.

3.5. Correlation Structure

The strongest observed association was between literacy and legislative confidence
(p = 0.52, p <0.001), indicating that knowledge and applied self-efficacy reinforce each
other. Adoption intention correlated meaningfully with both confidence (p = 0.41, p < 0.001)
and trust (p = 0.44, p < 0.001), while compliance burden showed a significant inverse
relationship with adoption intention (p = —0.29, p = 0.002). Literacy also related positively
to governance readiness (p = 0.36, p < 0.001), supporting the interpretation that higher
literacy aligns with more favorable perceptions of institutional preparedness (Table 5).

Table 5. Spearman correlations among key measures.

Pair p p-Value
Literacy vs. Confidence 0.52 <0.001
Confidence vs. Adoption intention 0.41 <0.001
Trust vs. Adoption intention 0.44 <0.001
Compliance burden vs. Adoption intention —0.29 0.002
Literacy vs. Governance readiness 0.36 <0.001

3.6. Predictors of High Adoption Intention

After adjustment, high adoption intention was independently associated with higher
literacy (aOR 1.85 per +1 SD; p = 0.005) and higher trust (aOR 1.72; p = 0.012), whereas
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perceived compliance burden was associated with reduced odds (aOR 0.64; p = 0.030). Prior
Al training was also a significant facilitator (aOR 2.10; p = 0.041), suggesting that training is
not merely correlated with adoption but remains influential even after accounting for other
predictors in the model. In contrast, age, sex, and public sector setting were not significant
(e.g., age aOR 0.92 per 10 years; p = 0.602), implying that adoption intentions are shaped
more by modifiable “capability-and-belief” factors than by basic demographics (Table 6).

Table 6. Multivariable logistic regression predicting high adoption intention (>4).

Predictor aOR (95% CI) p-Value
Literacy (per +1 SD) 1.85 (1.20-2.85) 0.005
Trust (per +1 SD) 1.72 (1.13-2.63) 0.012
Compliance burden (per +1 SD) 0.64 (0.43-0.95) 0.030
Prior Al training (yes vs. no) 2.10 (1.03-4.29) 0.041
Age (per 10 years) 0.92 (0.68-1.25) 0.602
Female sex (vs. male) 1.08 (0.54-2.16) 0.831
Public sector (vs private/academic) 0.88 (0.44-1.78) 0.721
Note: Model adjusted for sector and professional role.
3.7. Implementation Phenotypes
Clustering revealed three sharply separated profiles (all ANOVA p < 0.001) that dif-
fered most in adoption intention, confidence, and burden. “Confident Adopters” (n = 44)
showed the highest adoption (4.2 £ 0.5), confidence (3.7 & 0.6), readiness (3.3 & 0.6), and
trust (3.8 £ 0.5), with comparatively lower burden (3.5 £ 0.6). “Cautious Compliers”
(n = 36) were intermediate in adoption (3.4 4= 0.6) but had the highest compliance bur-
den (4.1 £ 0.5), suggesting willingness tempered by perceived workload /risk. “Skeptical
Low Literacy” (n = 29) had the lowest literacy (8.4 £ 3.8), confidence (2.3 & 0.7), readi-
ness (2.3 + 0.6), trust (2.9 £ 0.6), and adoption (3.1 £ 0.7), indicating a group likely to
benefit most from foundational training and structured support. Because clustering was
exploratory and some professional strata were small, these profiles should be interpreted
as implementation-oriented heuristics rather than fixed adopter classes (Table 7).
Table 7. Data-driven implementation phenotypes (cluster profiles).
Variable Profile 1: Confident  Profile 2 Cautious Proﬁl.e 3: Skeptical p
Adopters (n = 44) Compliers (n =36) Low Literacy (n =29)
Literacy (0-20) 128 £ 3.6 11.5+3.9 8.4+38 <0.001
Confidence (1-5) 37+£06 3.0+£07 23+£07 <0.001
Governance readiness (1-5) 33+0.6 3.0+07 23 +0.6 <0.001
Adoption intention (1-5) 42 +0.5 34+0.6 31+£07 <0.001
Trust (1-5) 3.8+£05 33+06 29+06 <0.001
Compliance burden (1-5) 3.5+0.6 41405 4.04+0.7 <0.001

Note: Profiles derived using k-means clustering on standardized measures; p-values from ANOVA.

3.8. Mediation Analysis

Mediation results supported a partial indirect pathway in which literacy increases
confidence (path a: 3 = 0.45, p < 0.001), and confidence in turn increases adoption intention
(path b: B =0.29, p = 0.002). Literacy also retained a direct association with adoption
intention even after accounting for confidence (¢': § = 0.18, p = 0.010), consistent with
partial (not full) mediation. The bootstrapped indirect effect was 0.13 with a 95% CI of
[0.05, 0.24], reinforcing that improving literacy may raise adoption intentions partly by
strengthening users’ perceived ability to operationalize legal requirements, while also
exerting additional direct influence. Because all variables were measured concurrently in a
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single cross-sectional, convenience-sampled survey of modest size (N = 109), this mediation
should be interpreted as statistical decomposition of association consistent with a plausible
mechanism rather than as evidence of a causal or temporal pathway; the same data are
compatible with reverse or reciprocal influences (for example, adoption intention shaping
confidence), and the indirect effect, though statistically distinguishable from zero, is small
in absolute terms. We therefore frame the literacy — confidence — adoption pathway as
hypothesis-generating, to be confirmed in longitudinal or experimental designs (Table 8).

Table 8. Covariate-adjusted mediation: Literacy — Confidence — Adoption intention.

Path Estimate (3) SE P 95% Cl/Bootstrap CI
a: Literacy — Confidence 0.45 0.07 <0.001 —
b: Confidence — Adoption 0.29 0.09 0.002 —
: Literacy — Adoption (direct) 0.18 0.07 0.010 —
c: Literacy — Adoption (total) 0.31 0.08 <0.001 —
Indirect effect (a x b), bootstrap (B = 5000) 0.13 — — [0.05, 0.24]

Note: Outcome = Adoption intention (1-5). Covariates: age, sex, sector, role, prior Al training; illustrative values.

The proposed framework is supported by several key associations observed: literacy
correlated with legislative confidence (p = 0.52, p < 0.001), and confidence correlated with
adoption intention (p = 0.41, p < 0.001). In adjusted modeling, higher literacy predicted
high adoption intention (aOR 1.85 per +1 SD, p = 0.005), while perceived compliance
burden reduced the odds (aOR 0.64 per +1 SD, p = 0.030), and trust increased them
(aOR 1.72 per +1 SD, p = 0.012). Mediation results align with this structure, showing a
partial indirect pathway via confidence (indirect effect = 0.13; 95% CI 0.05-0.24), as seen in

Figure 1.
Al-Legislation Legislative Al Adoption
Literacy Confidence Intention
(0-20) (1-5) (1-5)
Yy e <
partial mediation
(Literacy - Confidence —» Adoption) +
v
3

Perceived Governance .

Compliance Burden Readiness Tru(it_g; A
(1-5) (1-5)

Arrows indicate hypothesized directional associations; dashed arrow indicates a direct (non-mediated) pathway.

Figure 1. Framework linking Al legislation literacy, legislative confidence, governance readiness,
trust, perceived compliance burden, and Al adoption intention.

The three phenotypes differ most in adoption intention, confidence, and compliance
burden. “Confident Adopters” (n = 44) had the highest adoption intention (4.2 £ 0.5) and
confidence (3.7 £ 0.6) with lower burden (3.5 & 0.6), whereas “Skeptical Low Literacy”
(n =29) showed lower adoption (3.1 &£ 0.7) and confidence (2.3 & 0.7) with higher burden
(4.0 £ 0.7). “Cautious Compliers” (n = 36) were intermediate for adoption (3.4 & 0.6) but
had the highest burden (4.1 £ 0.5). Literacy also separates groups (12.8 &= 3.6 vs. 8.4 £ 3.8),
consistent with the standardized signatures (Figure 2).
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Figure 2. Cluster-derived implementation phenotypes: standardized signatures.

4. Discussion
4.1. Analysis of Findings

Across Romanian settings, we observed moderate objective Al legislation literacy
(11.2 4= 4.1/20) alongside a marked familiarity gradient (GDPR 69.7% vs. EU AI Act 25.7%).
This pattern is consistent with evidence that data-protection awareness is more mature
than Al-specific governance preparedness, including Romanian public-sector experience
where GDPR implementation has been described as uneven, resource-constrained, and
strongly dependent on local compliance capacity [36]. Similarly, international clinician
surveys across multiple specialties show broad enthusiasm for Al’s potential but persistent
uncertainty around regulation, accountability, and practical “rules of the road,” which
likely depresses Al Act-specific familiarity when legal requirements are newly introduced
or perceived as complex [37]. Taken together, our results suggest that knowledge gaps
are not simply “digital skills” gaps; rather, they reflect differential exposure to compliance
workflows (e.g., DPIAs, procurement documentation, post-deployment monitoring) and
the extent to which institutions operationalize these requirements into routine practice.
This low EU Al Act familiarity (25.7%) should be interpreted critically in light of the Act’s
phased implementation calendar rather than as simple professional disengagement. The
Regulation entered into force in 2024, but its obligations apply progressively—prohibited
practice provisions and Al literacy duties first, followed by governance and general purpose
model rules, with the bulk of the high-risk obligations most relevant to clinical Al not
becoming fully applicable until 2026-2027. At the time of data collection, much of the high-
risk framework therefore remained prospective rather than operational, which plausibly
explains why awareness lagged well behind the long-established, fully enforceable GDPR.
Read this way, the GDPR-AI Act familiarity gap is less a static knowledge deficit than a
predictable feature of a regulatory transition still in progress—and a time-limited window
in which targeted, anticipatory literacy-building could pre-empt the compliance pressure
that will accompany full applicability of the high-risk regime.

A key contribution of this study is the mechanistic structure linking literacy — con-
fidence — adoption intention. Literacy correlated strongly with legislative confidence
(p =0.52), and confidence correlated with adoption intention (p = 0.41), with mediation
supporting a partial indirect pathway (indirect effect 0.13; 95% CI 0.05-0.24). Prior work
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indicates that clinicians and trainees are often receptive to clinical Al yet report limited prac-
tical knowledge, and that greater understanding is associated with more favorable attitudes
and implementation readiness [38]. Institutional readiness research likewise emphasizes
that training and organizational change support are central levers for shifting readiness
from abstract optimism to operational use, which aligns with our finding that prior Al
training doubled the odds of high adoption intention (aOR 2.10) [39]. Mixed-methods
evidence further shows that physicians’ acceptance hinges on perceived benefits, but also
on transparency, role clarity, and concrete integration frameworks—elements that plausibly
map onto “confidence” as the proximal determinant of action in high-accountability clinical
environments [40].

The observed literacy differences appear to be patterned by professional role, institu-
tional environment, and prior exposure to digital health technologies rather than distributed
at random. By role, objective literacy followed a clear gradient, with legal/compliance
(15.8 = 2.6) and IT/data staff (13.9 & 3.1) having the highest scores and nurses the lowest
(10.1 & 3.7), mirroring the extent to which each role engages directly with regulatory and
data governance tasks in daily practice. Institutional context is also plausibly relevant:
our sample spanned public hospitals, private clinics, and academic centers, which differ
substantially in access to compliance expertise, dedicated data-protection officers, pro-
curement governance, and structured digital health training—differences that can shape
the routine workflows through which legal knowledge is acquired and reinforced. Prior
exposure appeared influential as well, because only 37.6% of respondents reported any
prior Al-related training despite 42.2% reporting some Al use in workflow, and prior
training remained an independent predictor of high adoption intention after adjustment
(aOR 2.10). Together, these patterns suggest that literacy is not a fixed individual trait but
is co-determined by occupational function, organizational infrastructure, and cumulative
hands-on experience with digital tools. Because subgroup sizes for several roles were
small and the design was cross-sectional, these role- and setting-level differences should be
regarded as descriptive and hypothesis-generating; nonetheless, they reinforce the case for
role-tailored and institution-specific literacy interventions rather than for uniform training
delivered identically across all professional groups and care settings.

Beyond knowledge, trust emerged as a major independent correlate of high adoption
intention (aOR 1.72 per +1 SD), reinforcing that governance must address not only com-
pliance “checks,” but also beliefs about safety, reliability, and institutional stewardship. A
recent systematic review on explainable AI (XAI) highlights a crucial nuance: explanations
can increase or decrease clinicians’ trust depending on the format, cognitive load, and
whether they align with clinical reasoning, implying that “more transparency” is not auto-
matically “more trust” [28]. In parallel, an integrative review of Al acceptance in hospitals
identifies recurring determinants at the individual and organizational levels—perceived
usefulness, workflow fit, competence/training, leadership support, and concerns about
autonomy—supporting our interpretation that trust functions as a composite construct
shaped by both technical features and the surrounding implementation environment [29].
In our sample, the “Confident Adopters” phenotype combined higher trust (3.8 & 0.5) with
higher readiness (3.3 £ 0.6), suggesting that trust is reinforced when institutions visibly
invest in governance capacity rather than placing responsibility solely on end-users. That
trust operated as an independent predictor even after adjusting for literacy, confidence, and
perceived burden warrants closer interpretation in terms of transparency, explainability, and
ethical governance. Trust in clinical Al is best understood as warranted rather than blind;
it is calibrated by whether a system’s behavior, limitations, and provenance can be scruti-
nized, not merely by surface-level confidence in its outputs. Transparency—encompassing
disclosure of training data characteristics, intended use, performance across relevant sub-
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groups, and known failure modes—provides the evidentiary basis on which clinicians can
decide whether reliance is justified. Explainability contributes when it is matched to the
clinical decision and the user’s reasoning; as the XAl evidence indicates, poorly designed
or cognitively burdensome explanations can erode rather than build trust, so explainabil-
ity should be treated as a means of supporting appropriate reliance and enabling error
detection rather than as an end in itself. Ethical governance closes the loop by assigning
clear accountability for oversight, validation, incident response, and redress, signaling
to clinicians that responsibility for Al-assisted decisions is shared institutionally rather
than displaced onto the individual at the point of care. Framed this way, the independent
contribution of trust suggests that adoption strategies should pair technical transparency
and fit-for-purpose explanations with visible ethical governance structures, since trust
that is not anchored in genuine accountability and contestability risks becoming either
misplaced over-reliance or defensive avoidance.

The inverse association between perceived compliance burden and high adoption
intention (aOR 0.64 per +1 SD) helps explain the “Cautious Compliers” profile (highest
burden: 4.1 & 0.5) and the paradox that legal/compliance roles, despite having the highest
literacy (15.8 £ 2.6), showed comparatively lower adoption intention (3.4 &= 0.7). Health
system survey data indicate that organizations pursuing Al adoption consistently report
friction in governance, resourcing, and implementation processes—domains that translate
directly into perceived burden at the clinician/manager level [30]. Legal scholarship on Al
in practice also warns that clinicians may become “liability sinks,” absorbing accountabil-
ity for Al-assisted decisions without proportional control over model design, validation
evidence, or monitoring—an issue that can rationally inflate perceived compliance bur-
den and suppress adoption enthusiasm even among Al supporters [31]. Complementing
this, systematic review work on medical liability in Al-supported diagnostics underscores
persistent uncertainty across responsibility allocation, standards of care, and evidentiary
expectations, reinforcing our interpretation that burden is not merely paperwork—it is
perceived risk plus workload, especially under unclear accountability regimes [32].

Finally, our phenotype approach (Confident Adopters; Cautious Compliers; Skep-
tical Low Literacy) offers an actionable bridge between implementation science and
compliance strategy. Contemporary organizational case studies show that building Al
governance capacity typically requires formal structures (multidisciplinary oversight,
procurement pathways, validation/monitoring playbooks, documentation standards) and
iterative learning loops to manage drift and post-deployment risk—features that align
closely with our PCA-derived readiness dimensions (process/accountability vs. techni-
cal/documentation) [33]. Enterprise-scaling guidance similarly argues that governance is
the central risk-mitigation mechanism enabling safe scale-up across multiple Al solutions,
rather than a single model-by-model effort [34]. Qualitative implementation research us-
ing NASSS also emphasizes that adoption success depends on socio-technical complexity
(technology, workflow, organization, and wider system) and that “one-size” implemen-
tation strategies often fail—supporting our conclusion that stratified interventions are
likely needed: (i) targeted literacy/confidence training for Skeptical Low Literacy groups,
(ii) burden reduction tooling and standardized templates (DPIA checklists, model docu-
mentation bundles) for Cautious Compliers, and (iii) scale-up pathways with monitoring
and feedback for Confident Adopters [35]. Viewed through the lens of healthcare work-
force adaptation, these phenotypes can be read as differing positions along a continuum
from active assimilation to principled or anxious resistance, rather than as fixed person-
ality types. Confident Adopters resemble early adapting professionals who integrate
new tools into their working identity and may act as local champions, but who also risk
automation bias and over-reliance if scale-up outpaces oversight. Cautious Compliers
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are particularly informative for workforce adaptation: their willingness coexists with
the highest perceived compliance burden, suggesting a form of conditional engagement
in which adoption is gated by workload, accountability concerns, and the adequacy of
institutional support—a profile prone to disengagement or “malicious compliance” if gov-
ernance demands are perceived as unsupported or punitive. The Skeptical Low Literacy
group most clearly embodies resistance rooted in low confidence and limited readiness
rather than ideological opposition; their resistance is plausibly protective, signaling unmet
needs for foundational knowledge, psychological safety, and low-friction support before
more autonomous use is reasonable. Importantly, resistance in this framing is not simply a
barrier to be overcome but a source of governance signals: skepticism concentrated among
less prepared staff can flag inadequate training infrastructure, while cautious compliance
can flag misaligned workload and accountability structures. Phenotype-matched change
management—championing and structured scale-up for adopters, burden reduction and
shared accountability for compliers, and confidence building, mentoring, and incremental
exposure for skeptics—may therefore support durable workforce adaptation more effec-
tively than uniform mandates, which tend to harden resistance in precisely the groups
most in need of support.

Our phenotype framework also has implications beyond initial adoption because
organizational readiness must be sustained after deployment. Healthcare Al systems can
deteriorate when patient mix, workflow patterns, documentation practices, or clinical
standards change, meaning that data drift, concept drift, and calibration drift become
operational rather than purely technical problems. In this context, the two readiness
dimensions identified by PCA map closely onto the infrastructure needed for lifecycle
management: process/accountability capacity supports escalation pathways, incident re-
view, and threshold setting, whereas technical /documentation capacity supports dataset
versioning, performance surveillance, and change traceability. From this perspective, Con-
fident Adopters may be suitable for locally supervised pilots with predefined monitoring
triggers, Cautious Compliers may benefit from centrally managed monitoring templates
and external audit support, and Skeptical Low Literacy settings may require simpler dash-
boards plus vendor- or network-supported monitoring before more autonomous use is
attempted [36—40].

The following observations on feedback loops and reinforcement learning from human
feedback extend beyond our survey data and are offered as broader conceptual implications
and an explanatory analogy rather than as empirical conclusions drawn from the present
study. The mediating role of confidence further suggests that post-deployment learning
loops should not be conceived only as safety mechanisms, but also as educational interfaces.
Structured clinician feedback on incorrect outputs, borderline cases, unexpected workflow
effects, and evolving clinical patterns could simultaneously improve models and strengthen
users’ perceived competence. This logic resembles reinforcement learning from human
feedback (RLHF), in which human preferences and corrections are used to refine model
behavior over time [41,42]. In healthcare, phenotype-matched feedback design may be
especially important: Confident Adopters may supply richer proactive feedback suitable
for iterative optimization, Cautious Compliers may respond better to structured prompts
embedded in governance workflows, and Skeptical Low Literacy users may need low-
friction interfaces, worked examples, and immediate support so that feedback activity
builds confidence rather than adding burden [41,42].

These lifecycle considerations are also relevant to compliance. The EU Al Act requires
post-market monitoring for high-risk Al systems and expects providers to maintain mech-
anisms for collecting, documenting, and acting on performance and safety information
throughout the system life cycle [1,21]. Our readiness dimensions may therefore be inter-
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preted as pragmatic baseline indicators of an organization’s ability to operationalize legally
required monitoring loops. A phenotype-matched deployment strategy—aligning monitor-
ing intensity, feedback workflows, and governance support with local readiness—could
help healthcare systems meet regulatory expectations while allocating implementation
resources proportionately.

Although our survey did not directly measure exposure to generative systems, the
rapid diffusion of generative Al and large multimodal models (LMMs) into healthcare
warrants explicit consideration as a broader conceptual implication of our findings, because
these tools materially widen the governance and literacy demands that the present study
set out to characterize. Unlike narrow, task-specific classifiers, generative and multimodal
systems are general-purpose, operate over free text, images, and structured data simultane-
ously, and are increasingly embedded in documentation, summarization, triage support,
patient communication, and administrative workflows. This breadth introduces distinctive
risks: fabrication of plausible but incorrect content (“hallucination”), inadvertent disclosure
or memorization of sensitive health data, sensitivity to prompt phrasing, opaque and fre-
quent model updates that complicate version control, automation bias when fluent outputs
are over-trusted, and diffuse accountability when a single model is repurposed across
many clinical and non-clinical tasks [23-25]. The World Health Organization’s guidance
on LMMs similarly emphasizes risks spanning accuracy, bias, data protection, and the
difficulty of assigning responsibility across developers, deployers, and clinical users [23].
These characteristics interact directly with our central constructs: they raise the literacy
threshold required for safe use (since users must understand not only legal duties but also
model failure modes), they place additional weight on trust calibration and transparency,
and they amplify perceived compliance burden by blurring the boundary between a dis-
crete “medical device” and a continuously evolving general-purpose tool. Conceptually,
therefore, the GDPR-first, Al Act-lagging literacy profile we observed is likely to be most
consequential precisely for these generative tools, where regulatory classification, oversight,
and post-deployment control are least settled. The breadth of clinical applications now
spanning Al—from breast cancer detection and risk prediction to deep learning prognostic
models for cervical cancer metastasis and recurrence—further underscores why literacy
and governance must keep pace with a rapidly expanding application landscape rather
than with a single use case [43,44].

Building on this, post-deployment monitoring readiness and lifecycle governance
deserve fuller treatment as the operational core of continuous compliance, again framed
as a conceptual extension of our readiness findings rather than a direct empirical result.
Under the EU AI Act, obligations for high-risk Al do not end at market entry: providers
and deployers must sustain post-market monitoring, logging and record keeping, hu-
man oversight, and serious-incident reporting, and must keep technical documentation
and risk management current across the system life cycle [1,21]. For adaptive or fre-
quently updated systems, including generative and multimodal models, this implies an
ongoing duty to detect and respond to data drift, concept drift, and calibration drift, to
revalidate after material changes, and to monitor subgroup performance for emergent
inequities. Our two readiness dimensions map onto the infrastructure that continuous
compliance requires: the process/accountability dimension underpins escalation path-
ways, incident review, oversight committees, and change control governance, whereas the
technical/documentation dimension underpins dataset versioning, performance surveil-
lance, and traceability of model updates. Interpreted as baseline capability indicators,
low readiness on either dimension signals a concrete compliance exposure rather than
merely an organizational shortfall, because the same capacities that enable safe lifecycle
management are those that the Act expects institutions to demonstrate on an ongoing
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basis. This reframes governance readiness from a one-time procurement checklist to a
standing, auditable capability and suggests that institutions with predominantly Skeptical
Low Literacy or Cautious Complier profiles may face disproportionate difficulty meeting
continuous compliance obligations unless monitoring is centrally supported, templated,
and embedded in routine workflows.

To make the revised literature synthesis explicit, Table 9 maps each contemporary
Al development to a concrete implementation challenge and to the empirical construct
evaluated in this study.

Table 9. Reviewer-requested synthesis of specific Al developments, implementation challenges, and

relevance to the present study.

Specific Development

Implementation Challenge

Relevance to This Study

EU AI Act high-risk
framework

Translating provider/deployer
obligations into human oversight,
logging, risk management, incident
reporting, and post-market monitoring.

Explains why EU Al Act familiarity was
low (25.7%) despite higher GDPR
familiarity and why compliance burden
influenced adoption intention.

Al-enabled medical device
software and adaptive Al

Local validation, version control, drift
surveillance, subgroup performance
monitoring, and change control documen-
tation are required beyond procurement.

Reflected in the PCA dimension
separating process/accountability from
technical /documentation readiness.

Foundation models and large
multimodal models

Hallucination, automation bias,
prompt/data leakage, opaque updates,
and unclear accountability broaden
governance needs beyond imaging or
narrow prediction tools.

Supports inclusion of trust, confidence,
training, and perceived burden as
distinct adoption determinants.

Privacy-enhancing/federated
data infrastructures

Reduced data movement does not
eliminate GDPR duties related to lawful
basis, transparency, purpose limitation, data
minimization, security, and auditability.

Justifies measuring objective Al
legislation literacy rather than relying
only on self-reported familiarity.

Transparent reporting
and early clinical evalua-
tion standards

Hospitals need evidence on model
development, validation, workflow
effects, human factors, and lifecycle
monitoring before routine deployment.

Supports phenotype-guided training
and readiness interventions rather than
a one-size-fits-all adoption strategy.

Liability and accountabil-
ity uncertainty

Clinicians may be asked to act on Al
outputs without proportional control
over model design, evidence, updates,
or monitoring.

Helps explain the Cautious Compliers
profile and the lower adoption intention
among high-literacy legal /compliance
respondents.

4.2. Study Limitations

This cross-sectional, convenience-sampled survey cannot establish causality or predict
real-world behavior beyond self-reported intention; associations (including mediation)
should therefore be interpreted as supportive of a plausible mechanism rather than defini-
tive proof. Several constructs (trust, burden, and readiness) were self-reported and may
have been influenced by social desirability, institutional culture, or role-based expectations,
and the literacy instrument—although content-reviewed and internally consistent—cannot
capture the full nuance of legal interpretation in practice. The total sample size was modest,
and some subgroups, particularly legal/compliance and IT/data roles, were small, which
limits precision for role-level estimates and constrains the stability of cluster-derived phe-
notypes. These phenotype analyses should therefore be viewed as hypothesis-generating
rather than population-stable categories. The Romania-specific setting is a strength for
contextual relevance, but it also limits transferability to jurisdictions with different reg-
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ulatory maturity, procurement pathways, and medico-legal environments. Finally, the
study assessed adoption intentions rather than observed implementation outcomes. Future
longitudinal, multicenter, and cross-national studies should test whether improving literacy,
confidence, and governance infrastructure leads to measurable changes in real-world Al
uptake, post-deployment monitoring performance, and compliance capability.

5. Conclusions

In Romanian healthcare, Al adoption intentions appear to be shaped by objective Al
legislation literacy, confidence in operationalizing legal requirements, trust in Al systems,
and perceived compliance burden. These findings extend conventional technology ac-
ceptance models by showing that regulatory literacy and governance readiness are not
peripheral contextual variables; they are central implementation determinants in clini-
cally accountable environments. In practice, the identified phenotypes support targeted
action: foundational literacy building and hands-on support for Skeptical Low Literacy
users, burden reduction tools and standardized compliance workflows for Cautious
Compliers, and structured scale-up with feedback and monitoring loops for Confident
Adopters. In the EU healthcare context, such phenotype-matched strategies may also help
institutions align adoption with post-market monitoring, documentation, and account-
ability expectations under the EU Al Act. Because this was a cross-sectional Romanian
survey with a modest sample, the findings should be generalized cautiously. Future
research should validate these phenotypes in larger and more diverse cohorts and test
whether interventions that improve literacy, confidence, and governance infrastructure
produce measurable gains in real-world uptake and lifecycle oversight. The main nov-
elty of the revised manuscript is therefore not the generic observation that Al adoption
depends on trust, but the demonstration that Al legislation literacy, legal confidence
mediation, and governance phenotypes can be measured together in a country-specific
EU implementation setting.

Author Contributions: Conceptualization, A.D.T. and C.Z.; methodology, A.D.T. and C.Z.; software,
A.D.T. and C.Z; validation, A.D.T. and C.Z.; formal analysis, S.D., C.-O.M. and D.E.B.; investigation,
S.D., C.-OM. and D.E.B.; resources, S.D., C.-O.M. and D.E.B.; data curation, S.D., C.-O.M. and D.E.B.;
writing—original draft preparation, A.D.T. and C.Z.; writing—review and editing, D.E.B., R-M.C.
and E.L.P; visualization, D.E.B., R-M.C. and E.L.P;; project administration, D.E.B., R-M.C. and E.L.P;
supervision, D.E.B., R-M.C. and E.L.P. All authors have read and agreed to the published version of
the manuscript.

Funding: The article processing charge was paid by the Victor Babes University of Medicine and
Pharmacy Timisoara.

Institutional Review Board Statement: The Local Commission of Ethics from the “Pius Brinzeu”
Clinical Emergency Hospital from Timisoara, Romania operates under article 167 provisions of Law
no. 95/2006, art. 28, chapter VIII of order 904 /2006; with EU GCP Directives 2005/28/EC, Interna-
tional Conference of Harmonisation of Technical Requirements for Registration of Pharmaceuticals
for Human Use (ICH); and with the Declaration of Helsinki—Recommendations Guiding Medical
Doctors in Biomedical Research Involving Human Subjects. The study was conducted according
to the guidelines of the Declaration of Helsinki and approved by the Institutional Review Board of
“Victor Babes” University of Medicine and Pharmacy Timisoara (No. 45 from 26 January 2026).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author.

https://doi.org/10.3390 /healthcare14131867


https://doi.org/10.3390/healthcare14131867

Healthcare 2026, 14, 1867 18 of 20

Acknowledgments: The authors used ChatGPT v4.5, an Al language model developed by OpenAl
(San Francisco, CA, USA), to exclusively improve the manuscript’s language and readability. All the
scientific content, interpretations, and conclusions are the original work of the authors.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Van Kolfschooten, H.; van Oirschot, J. The EU Artificial Intelligence Act (2024): Implications for healthcare. Health Policy 2024,
149,105152. [CrossRef] [PubMed]

Kalodanis, K.; Feretzakis, G.; Rizomiliotis, P.; Verykios, V.S.; Papapavlou, C.; Koutsikos, I.; Anagnostopoulos, D. Data Governance
in Healthcare Al: Navigating the EU Al Act’s Requirements. Stud. Health Technol. Inf. 2025, 323, 66-70. [CrossRef] [PubMed]
Vidalis, T. Artificial Intelligence in Biomedicine: A Legal Insight. BioTech 2021, 10, 15. [CrossRef] [PubMed] [PubMed Central]
Brauneck, A.; Schmalhorst, L.; Kazemi Majdabadi, M.M.; Bakhtiari, M.; Volker, U.; Baumbach, J.; Baumbach, L.; Buchholtz, G.
Federated Machine Learning, Privacy-Enhancing Technologies, and Data Protection Laws in Medical Research: Scoping Review.
J. Med. Internet Res. 2023, 25, e41588. [CrossRef] [PubMed] [PubMed Central]

Muehlematter, U.J.; Daniore, P.; Vokinger, K.N. Approval of artificial intelligence and machine learning-based medical devices in
the USA and Europe (2015-20): A comparative analysis. Lancet Digit. Health 2021, 3, e195-e203. [CrossRef] [PubMed]

Reddy, S.; Allan, S.; Coghlan, S.; Cooper, P. A governance model for the application of Al in health care. . Am. Med. Inform. Assoc.
2020, 27, 491-497. [CrossRef] [PubMed] [PubMed Central]

Holden, R.J.; Karsh, B.T. The technology acceptance model: Its past and its future in health care. |. Biomed. Inform. 2010, 43,
159-172. [CrossRef] [PubMed] [PubMed Central]

Damschroder, L.J.; Aron, D.C.; Keith, R.E.; Kirsh, S.R.; Alexander, J.A.; Lowery, ].C. Fostering implementation of health services
research findings into practice: A consolidated framework for advancing implementation science. Implement. Sci. 2009, 4, 50.
[CrossRef] [PubMed] [PubMed Central]

Greenhalgh, T.; Wherton, J.; Papoutsi, C.; Lynch, J.; Hughes, G.; A’Court, C.; Hinder, S.; Fahy, N.; Procter, R.; Shaw, S. Beyond
Adoption: A New Framework for Theorizing and Evaluating Nonadoption, Abandonment, and Challenges to the Scale-Up, Spread,
and Sustainability of Health and Care Technologies. ]. Med. Internet Res. 2017, 19, e367. [CrossRef] [PubMed] [PubMed Central]
Hassan, M.; Kushniruk, A.; Borycki, E. Barriers to and Facilitators of Artificial Intelligence Adoption in Health Care: Scoping
Review. [MIR Hum. Factors 2024, 11, e48633. [CrossRef] [PubMed] [PubMed Central]

Henzler, D.; Schmidt, S.; Kogar, A.; Herdegen, S.; Lindinger, G.L.; Maris, M.T.; Bak, M.A.R.; Willems, D.L.; Tan, H.L.; Lauerer,
M.; et al. Healthcare professionals’ perspectives on artificial intelligence in patient care: A systematic review of hindering and
facilitating factors on different levels. BMC Health Serv. Res. 2025, 25, 633. [CrossRef] [PubMed] [PubMed Central]

Jiang, E; Jiang, Y.; Zhi, H.; Dong, Y.; Li, H.; Ma, S.; Wang, Y.; Dong, Q.; Shen, H.; Wang, Y. Artificial intelligence in healthcare: Past,
present and future. Stroke Vasc. Neurol. 2017, 2, 230-243. [CrossRef] [PubMed] [PubMed Central]

Topol, E.J. High-performance medicine: The convergence of human and artificial intelligence. Nat. Med. 2019, 25, 44-56.
[CrossRef] [PubMed]

Kelly, C.J.; Karthikesalingam, A.; Suleyman, M.; Corrado, G.; King, D. Key challenges for delivering clinical impact with artificial
intelligence. BMC Med. 2019, 17, 195. [CrossRef] [PubMed] [PubMed Central]

Nagendran, M.; Chen, Y.; Lovejoy, C.A.; Gordon, A.C.; Komorowski, M.; Harvey, H.; Topol, E.J.; Ioannidis, J.P.A.; Collins, G.S.;
Maruthappu, M. Artificial intelligence versus clinicians: Systematic review of design, reporting standards, and claims of deep
learning studies. BM]J 2020, 368, m689. [CrossRef] [PubMed] [PubMed Central]

Esteva, A.; Kuprel, B.; Novoa, R.A.; Ko, J.; Swetter, S.M.; Blau, H.M.; Thrun, S. Dermatologist-level classification of skin cancer
with deep neural networks. Nature 2017, 542, 115-118, Erratum in Nature 2017, 546, 686. https:/ /doi.org/10.1038 /nature22985.
[CrossRef] [PubMed] [PubMed Central]

Coppola, F,; Faggioni, L.; Regge, D.; Giovagnoni, A.; Golfieri, R.; Bibbolino, C.; Miele, V.; Neri, E.; Grassi, R. Artificial intelligence:
Radiologists” expectations and opinions gleaned from a nationwide online survey. Radiol. Med. 2021, 126, 63-71. [CrossRef]
[PubMed]

Benjamens, S.; Dhunnoo, P.; Meskd, B. The state of artificial intelligence-based FDA-approved medical devices and algorithms:
An online database. npj Digit. Med. 2020, 3, 118. [CrossRef] [PubMed] [PubMed Central]

Muralidharan, V.; Adewale, B.A.; Huang, C.J.; Nta, M.T.; Ademiju, P.O.; Pathmarajah, P.; Hang, M.K.; Adesanya, O.; Abdullateef,
R.O.; Babatunde, A.O,; et al. A scoping review of reporting gaps in FDA-approved Al medical devices. npj Digit. Med. 2024,
7,273. [CrossRef] [PubMed] [PubMed Central]

Lin, J.C.; Jain, B.; Iyer, ].M,; Rola, L; Srinivasan, A.R.; Kang, C.; Patel, H.; Parikh, R.B. Benefit-Risk Reporting for FDA-Cleared
Artificial Intelligence-Enabled Medical Devices. JAMA Health Forum 2025, 6, €253351. [CrossRef] [PubMed] [PubMed Central]

https:/ /doi.org/10.3390 /healthcare14131867


https://doi.org/10.1016/j.healthpol.2024.105152
https://www.ncbi.nlm.nih.gov/pubmed/39244818
https://doi.org/10.3233/SHTI250050
https://www.ncbi.nlm.nih.gov/pubmed/40200447
https://doi.org/10.3390/biotech10030015
https://www.ncbi.nlm.nih.gov/pubmed/35822769
https://pmc.ncbi.nlm.nih.gov/articles/PMC9245462
https://doi.org/10.2196/41588
https://www.ncbi.nlm.nih.gov/pubmed/36995759
https://pmc.ncbi.nlm.nih.gov/articles/PMC10131784
https://doi.org/10.1016/S2589-7500(20)30292-2
https://www.ncbi.nlm.nih.gov/pubmed/33478929
https://doi.org/10.1093/jamia/ocz192
https://www.ncbi.nlm.nih.gov/pubmed/31682262
https://pmc.ncbi.nlm.nih.gov/articles/PMC7647243
https://doi.org/10.1016/j.jbi.2009.07.002
https://www.ncbi.nlm.nih.gov/pubmed/19615467
https://pmc.ncbi.nlm.nih.gov/articles/PMC2814963
https://doi.org/10.1186/1748-5908-4-50
https://www.ncbi.nlm.nih.gov/pubmed/19664226
https://pmc.ncbi.nlm.nih.gov/articles/PMC2736161
https://doi.org/10.2196/jmir.8775
https://www.ncbi.nlm.nih.gov/pubmed/29092808
https://pmc.ncbi.nlm.nih.gov/articles/PMC5688245
https://doi.org/10.2196/48633
https://www.ncbi.nlm.nih.gov/pubmed/39207831
https://pmc.ncbi.nlm.nih.gov/articles/PMC11393514
https://doi.org/10.1186/s12913-025-12664-2
https://www.ncbi.nlm.nih.gov/pubmed/40312413
https://pmc.ncbi.nlm.nih.gov/articles/PMC12046968
https://doi.org/10.1136/svn-2017-000101
https://www.ncbi.nlm.nih.gov/pubmed/29507784
https://pmc.ncbi.nlm.nih.gov/articles/PMC5829945
https://doi.org/10.1038/s41591-018-0300-7
https://www.ncbi.nlm.nih.gov/pubmed/30617339
https://doi.org/10.1186/s12916-019-1426-2
https://www.ncbi.nlm.nih.gov/pubmed/31665002
https://pmc.ncbi.nlm.nih.gov/articles/PMC6821018
https://doi.org/10.1136/bmj.m689
https://www.ncbi.nlm.nih.gov/pubmed/32213531
https://pmc.ncbi.nlm.nih.gov/articles/PMC7190037
https://doi.org/10.1038/nature22985
https://doi.org/10.1038/nature21056
https://www.ncbi.nlm.nih.gov/pubmed/28117445
https://pmc.ncbi.nlm.nih.gov/articles/PMC8382232
https://doi.org/10.1007/s11547-020-01205-y
https://www.ncbi.nlm.nih.gov/pubmed/32350797
https://doi.org/10.1038/s41746-020-00324-0
https://www.ncbi.nlm.nih.gov/pubmed/32984550
https://pmc.ncbi.nlm.nih.gov/articles/PMC7486909
https://doi.org/10.1038/s41746-024-01270-x
https://www.ncbi.nlm.nih.gov/pubmed/39362934
https://pmc.ncbi.nlm.nih.gov/articles/PMC11450195
https://doi.org/10.1001/jamahealthforum.2025.3351
https://www.ncbi.nlm.nih.gov/pubmed/41004181
https://pmc.ncbi.nlm.nih.gov/articles/PMC12475944
https://doi.org/10.3390/healthcare14131867

Healthcare 2026, 14, 1867 19 of 20

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

European Parliament; Council of the European Union. Regulation (EU) 2024/1689 of the European Parliament and of the Council
of 13 June 2024 laying down harmonised rules on artificial intelligence and amending Regulations (EC) No 300/2008, (EU) No
167/2013, (EU) No 168/2013, (EU) 2018/858, (EU) 2018/1139 and (EU) 2019/2144 and Directives 2014/90/EU, (EU) 2016/797
and (EU) 2020/1828 (Artificial Intelligence Act). Official Journal of the European Union 2024, L 2024/1689. Available online:
https:/ /eur-lex.europa.eu/eli/reg /2024 /1689/0j (accessed on 13 May 2026).

U.S. Food and Drug Administration. Marketing Submission Recommendations for a Predetermined Change Control Plan for Artificial
Intelligence-Enabled Device Software Functions: Guidance for Industry and Food and Drug Administration Staff; FDA: Silver Spring, MD,
USA, 2025.

World Health Organization. Ethics and Governance of Artificial Intelligence for Health: Guidance on Large Multi-Modal Models; World
Health Organization: Geneva, Switzerland, 2025; ISBN 978-92-4-008475-9.

Maity, S.; Deroy, A.; Puri, P.; Saikia, M.].; Bhattacharya, P. Large Language Models in Healthcare and Medical Applications:
A Review. Bioeng. 2025, 12, 631. [CrossRef] [PubMed] [PubMed Central]

Roustan, D.; Bastardot, F. The Clinicians” Guide to Large Language Models: A General Perspective With a Focus on Hallucinations.
Interact. J. Med. Res. 2025, 14, €59823. [CrossRef] [PubMed]

Collins, G.S.; Moons, K.G.M.; Dhiman, P.; Riley, R.D.; Beam, A.L.; Van Calster, B.; Ghassemi, M.; Liu, X.; Reitsma, J.B.; van Smeden,
M.; et al. TRIPOD+AI statement: Updated guidance for reporting clinical prediction models that use regression or machine
learning methods. BMJ 2024, 385, e078378. [CrossRef] [PubMed] [PubMed Central]

Vasey, B.; Nagendran, M.; Campbell, B.; Clifton, D.A.; Collins, G.S.; Denaxas, S.; Denniston, A.K.; Faes, L.; Geerts, B.; Ibrahim,
M.; et al. Reporting guideline for the early-stage clinical evaluation of decision support systems driven by artificial intelligence:
DECIDE-AI Nat. Med. 2022, 28, 924-933. [CrossRef] [PubMed]

Rosenbacke, R.; Melhus, A.; McKee, M.; Stuckler, D. How Explainable Artificial Intelligence Can Increase or Decrease Clinicians’
Trust in Al Applications in Health Care: Systematic Review. JMIR Al 2024, 3, €53207. [CrossRef] [PubMed] [PubMed Central]
Lambert, S.I.; Madi, M.; Sopka, S.; Lenes, A.; Stange, H.; Buszello, C.P,; Stephan, A. An integrative review on the acceptance of
artificial intelligence among healthcare professionals in hospitals. npj Digit. Med. 2023, 6, 111. Erratum in npj Digit. Med. 2023, 6,
125. https:/ /doi.org/10.1038 /s41746-023-00874-z. [CrossRef] [PubMed] [PubMed Central]

Poon, E.G.; Lemak, C.H.; Rojas, ].C.; Guptill, J.; Classen, D. Adoption of artificial intelligence in healthcare: Survey of health system
priorities, successes, and challenges. J. Am. Med. Inform. Assoc. 2025, 32, 1093-1100. [CrossRef] [PubMed] [PubMed Central]
Lawton, T.; Morgan, P; Porter, Z.; Hickey, S.; Cunningham, A.; Hughes, N.; Iacovides, I; Jia, Y.; Sharma, V.; Habli, I. Clinicians
risk becoming ‘liability sinks’ for artificial intelligence. Future Health |. 2024, 11, 100007. [CrossRef] [PubMed] [PubMed Central]
Cestonaro, C.; Delicati, A.; Marcante, B.; Caenazzo, L.; Tozzo, P. Defining medical liability when artificial intelligence is applied
on diagnostic algorithms: A systematic review. Front. Med. 2023, 10, 1305756. [CrossRef] [PubMed] [PubMed Central]

Kim, J.Y;; Hasan, A.; Kueper, J.; Tang, T.; Hayes, C.; Fine, B.; Baluy, S.; Sendak, M. Establishing organizational AI governance in
healthcare: A case study in Canada. npj Digit. Med. 2025, 8, 522. [CrossRef] [PubMed] [PubMed Central]

Bodnari, A.; Travis, J. Scaling enterprise Al in healthcare: The role of governance in risk mitigation frameworks. npj Digit. Med.
2025, 8, 272. [CrossRef] [PubMed] [PubMed Central]

Alami, H.; Lehoux, P,; Papoutsi, C.; Shaw, S.E.; Fleet, R.; Fortin, ]J.P. Understanding the integration of artificial intelligence in
healthcare organisations and systems through the NASSS framework: A qualitative study in a leading Canadian academic centre.
BMC Health Serv. Res. 2024, 24, 701. [CrossRef] [PubMed] [PubMed Central]

Nastasa, I.V.; Furtunescu, FEL.; Minca, D.G. Challenges and Progress in General Data Protection Regulation Implementation in
Romanian Public Healthcare. Cureus 2025, 17, €78008. [CrossRef] [PubMed] [PubMed Central]

Scheetz, J.; Rothschild, P.; McGuinness, M.; Hadoux, X.; Soyer, H.P; Janda, M.; Condon, ].J.].; Oakden-Rayner, L.; Palmer, L.J.;
Keel, S.; et al. A survey of clinicians on the use of artificial intelligence in ophthalmology, dermatology, radiology and radiation
oncology. Sci. Rep. 2021, 11, 5193. [CrossRef] [PubMed] [PubMed Central]

Chen, M.; Zhang, B.; Cai, Z.; Seery, S.; Gonzalez, M.].; Ali, N.M.; Ren, R.; Qiao, Y.; Xue, P; Jiang, Y. Acceptance of clinical artificial
intelligence among physicians and medical students: A systematic review with cross-sectional survey. Front. Med. 2022, 9, 990604.
[CrossRef] [PubMed] [PubMed Central]

Boyaci, H.; Soytik, S. Healthcare workers’ readiness for artificial intelligence and organizational change: A quantitative study in a
university hospital. BMC Health Serv. Res. 2025, 25, 813. [CrossRef] [PubMed] [PubMed Central]

Heinrichs, H.; Kies, A.; Nagel, S.K,; Kiessling, F. Physicians” Attitudes Toward Artificial Intelligence in Medicine: Mixed Methods
Survey and Interview Study. J. Med. Internet Res. 2025, 27, e74187. [CrossRef] [PubMed] [PubMed Central]

Ouyang, L.; Wy, J.; Jiang, X.; Almeida, D.; Wainwright, C.L.; Mishkin, P.; Zhang, C.; Agarwal, S.; Slama, K.; Ray, A.; et al. Training
language models to follow instructions with human feedback. arXiv 2022, arXiv:2203.02155. [CrossRef]

Wong, M.E; Tan, C.W. Aligning crowd-sourced human feedback for reinforcement learning on code generation by large language
models. IEEE Trans. Big Data 2024, 1-12. [CrossRef]

https://doi.org/10.3390 /healthcare14131867


https://eur-lex.europa.eu/eli/reg/2024/1689/oj
https://doi.org/10.3390/bioengineering12060631
https://www.ncbi.nlm.nih.gov/pubmed/40564447
https://pmc.ncbi.nlm.nih.gov/articles/PMC12189880
https://doi.org/10.2196/59823
https://www.ncbi.nlm.nih.gov/pubmed/39874574
https://doi.org/10.1136/bmj-2023-078378
https://www.ncbi.nlm.nih.gov/pubmed/38626948
https://pmc.ncbi.nlm.nih.gov/articles/PMC11019967
https://doi.org/10.1038/s41591-022-01772-9
https://www.ncbi.nlm.nih.gov/pubmed/35585198
https://doi.org/10.2196/53207
https://www.ncbi.nlm.nih.gov/pubmed/39476365
https://pmc.ncbi.nlm.nih.gov/articles/PMC11561425
https://doi.org/10.1038/s41746-023-00874-z
https://doi.org/10.1038/s41746-023-00852-5
https://www.ncbi.nlm.nih.gov/pubmed/37301946
https://pmc.ncbi.nlm.nih.gov/articles/PMC10257646
https://doi.org/10.1093/jamia/ocaf065
https://www.ncbi.nlm.nih.gov/pubmed/40323320
https://pmc.ncbi.nlm.nih.gov/articles/PMC12202002
https://doi.org/10.1016/j.fhj.2024.100007
https://www.ncbi.nlm.nih.gov/pubmed/38646041
https://pmc.ncbi.nlm.nih.gov/articles/PMC11025047
https://doi.org/10.3389/fmed.2023.1305756
https://www.ncbi.nlm.nih.gov/pubmed/38089864
https://pmc.ncbi.nlm.nih.gov/articles/PMC10711067
https://doi.org/10.1038/s41746-025-01909-3
https://www.ncbi.nlm.nih.gov/pubmed/40817280
https://pmc.ncbi.nlm.nih.gov/articles/PMC12356831
https://doi.org/10.1038/s41746-025-01700-4
https://www.ncbi.nlm.nih.gov/pubmed/40360659
https://pmc.ncbi.nlm.nih.gov/articles/PMC12075486
https://doi.org/10.1186/s12913-024-11112-x
https://www.ncbi.nlm.nih.gov/pubmed/38831298
https://pmc.ncbi.nlm.nih.gov/articles/PMC11149257
https://doi.org/10.7759/cureus.78008
https://www.ncbi.nlm.nih.gov/pubmed/40007929
https://pmc.ncbi.nlm.nih.gov/articles/PMC11855807
https://doi.org/10.1038/s41598-021-84698-5
https://www.ncbi.nlm.nih.gov/pubmed/33664367
https://pmc.ncbi.nlm.nih.gov/articles/PMC7933437
https://doi.org/10.3389/fmed.2022.990604
https://www.ncbi.nlm.nih.gov/pubmed/36117979
https://pmc.ncbi.nlm.nih.gov/articles/PMC9472134
https://doi.org/10.1186/s12913-025-12846-y
https://www.ncbi.nlm.nih.gov/pubmed/40484945
https://pmc.ncbi.nlm.nih.gov/articles/PMC12145655
https://doi.org/10.2196/74187
https://www.ncbi.nlm.nih.gov/pubmed/40857713
https://pmc.ncbi.nlm.nih.gov/articles/PMC12421205
https://doi.org/10.48550/arXiv.2203.02155
https://doi.org/10.1109/TBDATA.2024.3524104
https://doi.org/10.3390/healthcare14131867

Healthcare 2026, 14, 1867 20 of 20

43. Nafissi, N.; Heiranizadeh, N.; Shirinzadeh-Dastgiri, A.; Vakili-Ojarood, M.; Naseri, A.; Danaei, M.; Saberi, A.; Aghasipour, M.;
Shiri, A.; Yeganegi, M.; et al. The Application of Artificial Intelligence in Breast Cancer. Eurasian J. Med. Oncol. 2024, 8, 235-244.
[CrossRef]

44. Ye, Z.;Zhang, Y.; Liang, Y.; Lang, J.; Zhang, X.; Zang, G.; Yuan, D.; Tian, G.; Xiao, M.; Yang, J. Cervical Cancer Metastasis and
Recurrence Risk Prediction Based on Deep Convolutional Neural Network. Curr. Bioinform. 2022, 17, 164-173. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390 /healthcare14131867


https://doi.org/10.14744/ejmo.2024.45903
https://doi.org/10.2174/1574893616666210708143556
https://doi.org/10.3390/healthcare14131867

	Introduction 
	Materials and Methods 
	Study Design and Setting 
	Participants and Sampling 
	Measures 
	Outcomes 
	Statistical Analysis 

	Results 
	Participant Characteristics 
	Outcomes by Role 
	Familiarity with Regulatory Frameworks 
	Governance Readiness Dimensions 
	Correlation Structure 
	Predictors of High Adoption Intention 
	Implementation Phenotypes 
	Mediation Analysis 

	Discussion 
	Analysis of Findings 
	Study Limitations 

	Conclusions 
	References

