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Abstract

Background: Digital technologiesincreasingly shape postgraduate medical education, yet orthopedic and traumatraining face
unique challenges because of thetactile, procedurally focused skillsinvolved. Digital tools partially address these needs, but gaps
remain, particularly across diverse European contexts.
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Objective: Our primary aim wasto quantitatively assess predictors of digital learning technology acceptance (e-learning, distance
education, and virtual reality [VR] and augmented reality [AR]) among European orthopedic and trauma trainees, drawing on
the technology acceptance model (TAM) and the unified theory of acceptance and use of technology (UTAUT) as conceptual
guides. Specifically, we examined how perceived usefulness and perceived ease of use (TAM), a ongside performance expectancy,
effort expectancy, social influence, and facilitating conditions (UTAUT), related to trainees acceptance of digital technologies.
These constructs guided variable selection and grouping, attitudina scale design, and interpretation of how individual and
contextual factors shape acceptance of digital learning tools in orthopedic training. Secondary aims were to describe adoption
and attitude patterns, identify attitudinal trainee profiles, and examine contextual associations (eg, workplace type and national
gross domestic product [GDPY]).

Methods: We distributed a multinational survey via European trainee federations and used validated scales to assess digital
competence and attitudes and gathered demographic data (n=217 across 29 European countries). We administered the questionnaire
in English; however, respondents who self-reported English proficiency below the intermediate level were excluded from the
analysesto minimize potential comprehension-related bias. The survey assessed digital experience, self-reported digital competence,
and attitudes toward e-learning, distance education, and VR/AR, and collected detailed demographic and workplace data. Expert
review, cognitive pretesting, and pilot testing ensured validity and clarity. Analytical methods included Wilcoxon tests, ANOVA,
clustering, multinomial logistic regression, and factor analysis to ensure the reliability and validity of attitudinal measures.

Results: e-Learning technologies were the most widely adopted, whereas VR/AR tools were less frequently used despite high
average attitude ratings (mean 4.07, SD 0.88). Cluster analysis identified 3 distinctive groups—enthusiastic, supportive, and
hesitant—that differed significantly in digital competence and acceptance profiles. Digital competence and national GDP emerged
assignificant predictors of group membership, consistent with TAM/UTAUT expectationsthat perceived capability and contextual
facilitating conditions shape acceptance. Variation in attitudes was further associated with workplace type and regional resource
disparities, underscoring the influence of contextual factors on technology adoption.

Conclusions: European orthopedic trainees show broad support for digital innovations, preferring VR/AR despite low use.
Preliminary evidence supportsdigital competence as akey mediator of acceptance, with GDP and workplace disparities predicting
profiles (hesitant vs enthusiastic). Competence-first strategies and targeted resource equity (eg, low-GDP subsidies), together
with policy adjustments, may address regional disparities. Future longitudinal and multimethod studies are needed to test causal
pathways implied by TAM and UTAUT and to evaluate the generalizability of these findings across specialties and educational
contexts.

(JMIR Med Educ 2026;12:€79418) doi: 10.2196/79418
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of skill transfer. A multicenter randomized blinded trid
demonstrated transfer validity from a VR arthroscopic knee
simulator to improved operating-room performance, highlighting

Introduction

In postgraduate medical education, digitalization has progressed

in ways that are particularly consequential for procedural
specialties[1-4]. Early work in the 1990s established the concept
of computer-based surgical simulation and virtual reality (VR)
as a training analogue to aviation simulators, creating a
foundation for skills rehearsal outside the operating room
[1,3-5]. Particularly in surgical fieldswhere technical expertise
depends on repeated practice, evidence from the 2000s supported
2 paralel developments: on the one hand, internet-based
instruction became an effective modality for knowledge
acquisition compared with no intervention and, in many settings,
comparable to noninternet formats; and on the other hand,
simul ation-based education matured into a structured approach
for deliberate practice and feedback [6]. For orthopedics, these
shifts were not simply “generic” educational upgrades: online
platforms enabled scalable delivery of radiograph-based case
interpretation, fracture classification modules, and arthroscopy
video instruction, while simulation provided a response to
reduced hands-on exposure and increasing expectations for
patient safety [7,8]. During the 2010s, orthopedic simulation
moved beyond |ow-resol ution prototypestoward higher-fidelity
VR systems with performance metrics and growing evidence

https://mededu.jmir.org/2026/1/€79418

that VR can train clinically meaningful technical behaviors[9].
In parallel, haptics-integrated platforms emerged for fixation
procedures; for example, arandomized controlled trial onaVR
haptics-enabled dynamic hip screw simulator showed
measurabl e trai ning effects without compromising patient saf ety
priorities [10]. Since 2020, the COVID-19 pandemic has
accelerated the digital delivery of surgical teaching, while
immersive simul ation evidence has expanded further, including
orthopedic trials showing that adding haptic feedback to
immersive VR improves performance and safety metrics in
basic bone-drilling tasks [11]. More recently, VR-based
simulation hasincreasingly incorporated automated performance
assessment, including artificial intelligence—based approaches,
to support scalable feedback and competency tracking [12].
Recent orthopedic-specific syntheses also support VR as an
effective adjunct for learning arthroplasty techniques, reinforcing
the relevance of acceptance and implementation questions in
contemporary training environments [13].

Thetechnological development in thefield of medical education
has significantly impacted orthopedic and traumatraining, where
the hands-on nature of the specialty poses unique challenges
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for digital education [14-16]. In orthopedics and trauma,
technical performance is strongly guided by tactile and
proprioceptive information from bone-implant interaction and
manual reduction maneuvers. For example, fracture reduction
requires continuous modulation of traction, rotation, and
alignment under variable resistance, while drilling and fixation
rely on the operator’s ability to regulate force and torque and
recognize changesinbone“feel” to avoid plunge or malposition.
In contrast to screen-mediated minimally invasive and robotic
procedures, where natural haptic feedback is attenuated, and
operators must rely predominantly on visual cues to judge
applied force, orthopedic trauma procedures frequently involve
direct bone handling and high-load maneuvers in which
tactile—proprioceptive information remains central to safe
reduction and fixation [17-19]. Accordingly, many digital
training solutions (including VR and augmented reality [AR]
platforms) still lack robust tactile feedback, which is a critical
component in the development of manual skillswithin surgical
disciplines. While some studies report limited measurable
benefits of artificial tactile feedback, many users indicate that
it enhances the perceived realism and fidelity of simulation
environments. Moreover, haptic feedback has been shown to
potentially improve specific technical abilities, particularly tasks
requiring fine motor control [20]. A recent study showed that
absent haptic cues in laparoscopic training caused excessive
force and increased tissue damage risk [21]. Digital display
variability (eg, monitors, tablets, and head-mounted displays)
further impairs visualization and depth perception [20,22]. A
2022 study found haptic-augmented VR superior to nonhaptic
VR for orthopedic drilling accuracy, safety, and skills [11].
Most studies concur that haptic feedback isessential for optimal
outcomes, advanced systems such as integrated VR/AR
simulators or haptic gloves offer promise [23]. Yet user
perceptions remain underexpl ored, with European studies noting
heterogeneous validation and uneven hospital integration
[24,25]. Cadaveric and supervised exposure still excels for
complex orthopedics, necessitating hybrid curricula blending
virtual and real-tissue simulation to meet European standards
[26].

Despite widespread use, research on trainees’ attitudes toward
VR/AR—especially in orthopedics—remainslimited, focusing
mainly on technical and clinical rather than attitudinal outcomes.
While VR/AR shows promise in preoperative planning and
simulation, its adoption in postgraduate education, particularly
outside the United States, lacks critical evaluation [14,27-29].
The technology acceptance model (TAM) and unified theory
of acceptance and use of technology (UTAUT) frameworks
addressthis: TAM emphasizes perceived useful ness (enhanced
performance) and perceived ease of use (low effort). UTAUT
adds performance expectancy, effort expectancy, social
influence, and facilitating conditions (organizational and
technical support) [30,31]. In this study, we used the definition
of distance education as a structured educational approach
characterized by instruction occurring between geographically
or temporally separated learners and instructors, using various
instructional materials [32,33]. e-Learning), by contrast, refers
to teaching and learning activitiesfacilitated through electronic
media, encompassing a wide array of devices, software, and
digital content [33]. As an umbrella term, e-learning includes
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diverse methods, with distance education as one application
requiring telecommunication. As an umbrellaterm, e-learning
encompasses VR/AR; however, debates persist in
simulation-heavy fields such as orthopedics on whether
immersive AR/VR qualifiesase-learning or distinct procedural
simulation because of its haptic and skill focus—here, we situate
VR/AR within e-learning in the context of training following
the COVID-19 pandemic [34]. By situating VR/AR within
e-learning, this study illustrates how these theoretical models
guide understanding of user engagement with cutting-edge
educational tools.

The hybrid TAM-UTAUT model suits orthopedic training:
TAM addresses perceived usefulness and ease of use for
e-learning, VR, and AR; UTAUT incorporates social influence
and facilitating conditions for hierarchical residencies with
institutional disparities. Here, digital competence reflects effort
expectancy; workplace and gross domestic product (GDP) proxy
facilitating conditions [35,36]. Accordingly, the aims of the
study were as follows:

«  Quantitatively assess acceptance predictors for e-learning,
distance education, and VR/AR among European orthopedic
trainees, drawing on TAM and UTAUT constructs as
conceptual guides for scale selection and interpretation.
This addresses limited attitudinal research in procedural
specialties beyond technical outcomes.

- Characterize adoption rates and attitude patterns across
modalities. Building on low VR/AR use despite high
enthusiasm, this maps baseline engagement.

- ldentify distinct attitudina profiles via cluster
analysis. Profiles (eg, enthusiastic, supportive, and hesitant)
reveal digital competence gradients, aligning with UTAUT
effort expectancy.

- Examine associations with contextua factors (workplace
type and national GDP). Socioeconomic disparitiesindigital
access—evident in  European Union  medical
training—represent UTAUT facilitating conditions,
explaining heterogeneous adoption [30,31].

These aims inform equitable policies for digital integration in
diverse European residencies and help ensure that medical
device and software development companies effectively
integrate digital toolsto meet the evolving needs of traineesand
institutions in a postpandemic educational landscape.

Methods

Ethical Consider ations

This study was approved by the Hungarian United Ethical
Review Committee for Research in Psychology (reference
number 2023-56). Participants provided informed consent at
the beginning of the survey. Data were collected anonymously,
and no incentives were offered.

Survey Design and Validation

A self-administered, anonymous online survey was devel oped,
covering demographics, digital competencies, and attitudes
toward e-learning, distance education, and VR/AR among
orthopedic and traumatrainees, using validated scales (Attitude
Toward E-Learning Scale [37], Distance Education Perception
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Scale[38], and VR/AR attitude items [39]) on a 5-point Likert
scale (1=strongly disagree and 5=strongly agree). We did not
alter the individual items of the validated scales. Instead, we
selected relevant question groups from the original lengthy
questionnaire without modifying their wording or content. This
approach preserved the integrity and construct validity of the
instrument. Expert review, cognitive pretesting, and pilot testing
with 10 trainees (qualitative feedback confirmed clarity and
comprehensibility) ensured validity and clarity [40]. All items
of the survey were presented in English to ensure consistency
across countries and to avoid potential discrepanciesintroduced
by trandation.

The elearning and VR/AR-based learning questionnaires
demonstrated reliability in our cohort with Cronbach a values
of 0.837 and 0.931, respectively. The Distance Education
Perception Scale questionnaire consists of 4 subscales: student’s
perception, equipment facility, facility and support of the
ingtitution, and time management. The first 3 subscales
demonstrated high degrees of reliability, ranging from 0.813 to
0.891; however, the time management subscale showed a low
level of reliability (0=0.344) and therefore was excluded from
the calculations.

Demographicsincluded age, gender, training location (country
and city), workplace type (university, regional, city, and rural
hospitals), and previous experience with distance education,
e-learning, medical simulation, and VR/AR simulation. Digital
competence questions covered basic and advanced tools (eg,
expertise ranging from basic competencies such asinstalling a
program to advanced skills such as programming or network
setup) and VR/AR familiarity (Multimedia Appendix 1).

The structure of the attitudinal scales and analytical framework
was informed by the TAM and UTAUT frameworks. In this
context, perceived usefulness and ease of use (TAM constructs)
were operationalized through items assessing engagement and
perceived effectiveness of e-learning, distance education, and
VR/AR tools. UTAUT dimensions were represented by social
influence and facilitating conditions (eg, equipment avail ability
and workplace resources). These theoretical constructs guided
variable grouping, factor structure validation, and subsequent
analyses exploring how contextual and personal factors
(including GDP, workplace type, and digita competence)
influence acceptance and attitudes toward educational
technologies.

Participant Recruitment and Data Collection

Due to the lack of comprehensive registries enumerating
orthopedic residents by country, a precise estimation of the
eligible population and a predefined sample size were not
feasible. Therefore, this study was conducted as atime-bounded,
voluntary cross-sectional survey. Participants were recruited
via Federation of Orthopaedic and Trauma Trainees in Europe
newsletters and mailing lists (estimated reach: approximately
1000-1200 trainees across 27 countries), plus targeted emails
and social media posts through national orthopedic resident
societies. No incentives offered, reducing response bias from
economic and regional disparities. A 2-week data collection
period with a 1-week reminder yielded 235 responses (217
analyzed after exclusions). In the absence of centralized
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registries, an exact response rate was unavailable; however,
diverse demographics (29 countries and balanced GDP and
workplace types) support generalizability.

The survey was hosted on Google Forms, ensuring ease of
access and data security. GDP per capita data were obtained
from the International Monetary Fund (2022) and categorized
into low (<US $29,000), medium (US $29,000-US $40,000),
and high (>US $40,000) GDP groups (tertiles of 29 respondent
countries), aligning with World Bank thresholds (the European
Union averageis US $41,806).

Statistical Analysis

To evaluate trainees’ attitudes toward e-learning and distance
education, mean scores for survey items were compared with
the neutral midpoint (3.0) using Wilcoxon signed-rank testsdue
to nonnormal distributions indicated by Shapiro-Wilk tests (all
P<.01). Effect sizeswere reported as rank-biserial correlations
(rpe), With values of 0.10, 0.30, and 0.50 interpreted as small,
medium, and large effects, respectively. To examine whether
attitudes differed depending on the type of workplace and the
economic context of the country, separate 2-way ANOVAS
were run with workplace type (university vs nonuniversity
clinics) and GDP per capita (low, medium, or high) as
between-subject factors, and attitude variables (ie, scores on
subscales of the attitude questionnaires) as outcomes. Significant
interactions were followed up by simple effect analyses. All
post hoc analyses were adjusted for multiple testing using the
Bonferroni correction.

A priori power analyses using G* Power (version 3.1.9.7 [41])
indicated that the minimum sample size required for ANOVA
was 155 (a=5%; power=80%), and thusthefina sample of 217
(see below) had adequate statistical power to detect main effects
aswell astheinteractions examined. Differencesin experience
levels and digital competencies across domains were tested
using the Friedman test. Significant results were followed up
by Wil coxon testswith Bonferroni correction. Spearman partial
correlations were used to assess relationships among the
measures while controlling for digital competence and
experiencewith digital learning. When an attitude variable was
correlated with either competence or experience, the other served
as the control variable. No control variables were applied for
the correl ation between competence and experience. Spearman
correlations were chosen because Shapiro-Wilk tests indicated
nonnormal distributionsfor al variables (all P<.05), except for
the student’s perception subscale.

We used k-means cluster analysisto identify distinct subgroups
of participants with similar attitudinal profiles toward digital
learning. The optimal cluster count was determined using the
elbow and silhouette methods (Multimedia Appendix 2).
Cluster-wise stability was assessed using the mean Jaccard
similarity value obtained via bootstrapping (n=1000). Mean
Jaccard similarity values >0.75 and >0.85 were interpreted as
indicators of stable or very stable clusters, respectively [42].

After clustering, the dataset was aggregated to calculate mean
values for each cluster, providing insight into the dominant
attitudes and experiences regarding digital learning across
groups. Multinomial logistic regression was conducted to
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examine how background variables (eg, digital competence,
experience, and demographics) predicted cluster membership
and to better understand differences between subgroups.

To identify the underlying factor structure and consolidate
conceptually overlapping constructs into a clearer and more
parsimonious model, exploratory factor analysis (EFA) was
conducted on the complete set of items from all 3 attitude
guestionnaires. Because items were ordinal, a polychoric
correlation  matrix ~ was  computed, and  robust
maximum-likelihood extraction with oblique (Promax) rotation
was used. Factor retention was guided by (1) parallel analysis
and scree plot inspection and (2) interpretability; primary
loadings=0.40, cross-loadings <0.30, and communalities =0.30
were used as criteria for item retention. The full EFA
diagnostics, including the pardlel-analysis scree plot,
communalities, and item loadings, are provided in Multimedia
Appendix 3.

To confirm the factor structureidentified by EFA, confirmatory
factor analysiswas conducted using robust maximum likelihood
estimation (estimator="MLR") to account for nonnormality.
Model adequacy was evaluated using standard fit indices and
recommended thresholds: comparative fit index (CFI) and
Tucker-Lewis index (TLI) =0.90 (acceptable) or =>0.95
(excellent), root mean square error of approximation (RMSEA)
<0.08 (acceptable) or <0.06 (good), and standardized root mean
sguare residual (SRMR) <0.08. Standardized factor 1oadings

Table 1. Participant demographics and background characteristics.

Schlegl et a

>0.50 wereinterpreted as adequate. Model refinement involved
reviewing modification indices (MI>10) and applying
theoretically justified correlations between residuals where
appropriate.

Statistical significancewas set at P<.05 (2-tailed) for al analyses
unless Bonferroni-corrected otherwise. All analyses were
conducted using SPSS (version 28; IBM Corp) and R (version
4.4.0; R Foundation for Statistical Computing). R packages
used are listed in Multimedia Appendix 4.

Results

Overview

In total, 235 responses from 29 countries (geographical
distribution shown in Multimedia Appendix 5) were received,
of which 217 were included in the analysis after excluding
responses with beginner-level English proficiency (n=17) or
incomplete data (n=1) to minimize potential bias arising from
language-related comprehension issues. Excluded respondents
did not significantly differ from included respondentsin terms
of basic demographics (age: U=1482.5; P=.17; r,=0.2 and
gender: x%=0.02; P=.88); however, trainees working at
university clinics were underrepresented among the excluded
participants (x21:5.3, P=.02). A detailed description is provided
in Table 1. The dataset is available el sewhere [43].

Characteristics

Values

Samplesize, n
Age (years), mean (SD); range
Training duration (years), mean (SD); range
Gender, n (%)
Male
Female
English proficiency, n (%)
Intermediate
Professional
Mother tongue
Workplace type, n (%)
University clinical center or national referral hospital
Regional/provincial or county referral hospital
City hospital
Town or rura hospita
GDP? per capitagroup (US$), n (%)
Low (< 29,000)
Medium (29,000-40,000)
High (>40,000)

217
315 (4.38); 24-45
431 (2.20); 1-7

156 (71.9)
61 (28.1)

95 (43.7)
111 (51.2)
11(5.1)

116 (53.5)
46 (21.2)
37(17.1)
18(8.3)

88 (40.6)
69 (31.8)
60 (27.6)

8GDP; gross domestic product.
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Experience and Competence Levels

Participants reported their experience across4 domains: distance
education, e-learning, medical simulation, and VR/AR. The
Friedman test indicated significant differences in self-reported
experience across domains (X%=285.0; P<.001). Post hoc
Wilcoxon signed-rank tests indicated that participants
experience with e-learning was significantly higher than their
experience with distance education (Wilcoxon Z=3.68; P=.001,
r,s=0.44), medical simulation (Z=9.30; P<.001; r,.=0.88), and
VR/AR (Z=11.12; P<.001, r,=0.97). Experience with distance
education was also significantly higher than experience with
medical simulation (Z=6.62; P<.001; r,:=0.61) and VR/AR
(Z2=9.88; P<.001; r,=0.86). Finaly, experience with medical
simulation was significantly higher than that with VR/AR
(Z2=8.34; P<.001; r,s=0.88).

The Friedman test showed significant differencesin self-reported
digital competence (x?,=542.9; P<.001). Post hoc analyses
revealed that competence in basic tools and online platforms
did not differ significantly (2=2.76; P=.06; r,s=0.31), but both
were rated significantly higher than each of the other domains
of competence (all z»10.51, all P<.001, and all effect sizeslarge
per Cohen r, > 0.97). Nearly 80% of participants reported
“advanced” or “expert” competence in both domains.
Competence in digital problem-solving was rated significantly
higher than both competence in advanced technologies (Z=5.55;
P<.001; r,=0.55) and VR/AR (Z2=9.60; P<.001; r,.=0.88).
Finally, self-reported competence in advanced technol ogieswas
significantly higher than that of VR/AR (Z=7.20; P<.001;

Schlegl et a

r,s—0.70). For digital problem-solving, advanced technologies,
and VR/AR, 37.79% (82/217), 24.88% (54/217), and 11.06%
(24/217) reported “ advanced” or “expert” level of competence,
respectively. Multimedia Appendix 6 provides a more detailed
description of within-domain distributions.

Attitudes Toward e-L earning and Distance Education

Attitudes toward e-Learning and distance education varied
among participants. Distance education recorded a mean score
of 3.27 (SD 0.63) and a median of 3.18 (IQR 2.95-3.55),
indicating moderately positive attitudes, with consistent
responses (SD 0.63; skewness 0.37). Statistical analysisrevealed
significant positivity in the attitudes toward distance education
(Wilcoxon Z=6.10; P<.001; r,s=0.49; mean 3.27 (SD 0.63);
95% CI 3.19-3.36). e-Learning followed with a mean of 3.43
(SD 0.69) and a median of 3.44 (IQR 3.11-3.89), exhibiting
dlightly more favorable attitudes with moderate variability (SD
0.69). The Wilcoxon test confirmed the positivity of these
attitudes (Z2=8.03; P<.001; r,=0.64; mean 3.43 (SD 0.69); 95%
Cl 3.33-3.52). VR/AR received the highest mean score of 4.07
(SD 0.88) and amode of 5, reflecting the most positive attitudes,
albeit with greater variability (SD 0.88, skewness —1.17), and
the analysis significantly supported these positive perceptions
(2=10.94; P<.001; r,=0.89; mean 4.07 (SD 0.88); 95% CI
3.96-4.19). Negative skewness in VR/AR attitudes suggests a
ceiling effect, potentialy reflecting aspirational responding.
Overdl, VR/AR dlicited the strongest positive responses,
although its variability suggested mixed familiarity or
application, whereas distance education and e-learning garnered
more tempered but consistent favorability (Figure 1).

Figure 1. Histograms of the mean scores on the attitude questionnaires. The dashed line indicates the neutral midpoint (3.00), whereas the solid line
indicates the sample mean. AR: augmented reality; e-learning: electronic learning; VR: virtual reality.
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Cluster Analysis

K-means clustering based on responses to the attitude scales,
optimized for internal coherence and separation, suggested 3
clusters that provided an optima balance of granularity and
distinctiveness. The average silhouette score was 0.27 for the
3-cluster solution, whereas it was 0.26 and 0.21 for the 2- and
4-cluster solutions, respectively (Multimedia Appendix 2
provides adetail ed description of cluster number optimization).
The clusters were tentatively named “enthusiastic” (47/217,
21.66%), “supportive” (129/217, 59.45%), and “hesitant”
(41/217, 18.89%) (Figure 2). All 3 clusters showed high levels
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of stability according to mean Jaccard similarities (0.85, 0.86,
and 0.89), confirming the robustness of the 3-cluster solution
(mean Jaccard similarities for the 2-cluster solution: 0.87 and
0.88; for the 4-cluster solution: 0.57, 0.30, 0.57, and 0.74). The
attitudes were measured using scales adapted from validated
sources, including the Attitude Toward E-Learning Scale, the
Distance Education Perception Scale, and items related to
perceptions of VR/AR applications in learning. Enthusiastic
respondents showed the highest endorsements across all attitude
scales. Supportive individual s expressed favorabl e attitudes but
with moderate enthusiasm compared with the enthusiastic
cluster. Hesitant respondents exhibited the lowest agreement
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with positive statements regarding all educational technology
aspects (Figure 2). Significant differences among clusterswere
confirmed by 1-way ANOVAS across al attitude dimensions,

each showing large effect sizes (n p2>0.14): distance education
student’s perception, F, »,=179.85; P<.001, np2:0.63; distance
education equipment facility, F, ,1,=132.94; P<.001; n p2=0.55;
distance education facility and support, F;»,=52.27, P<.001;
r]p2=0.33; e-learning engagement, F,,,,=105.04; P<.001,
n,’=0.50; and VR/AR engagement, F,;,=50.77; P<.001;
N, =0.32.

The results of multinomial logistic regression analysis are

summarized in Table 2. Global model fit indices indicated that
the multinomial regression model provided asignificantly better

fit than the null model (x?,,=45.27; P<.001) with a McFadden

pseudo-R of 0.11, suggesting amodest yet meaningful amount
of variance in cluster membership was accounted for by the
predictors. The findings highlighted digital competence as a
significant predictor in differentiating between the enthusiastic
and hesitant clusters (estimate=0.22; SE=0.07; Z=3.22; P=.001,

Schlegl et a

and odds ratio [OR] 1.25, 95% CI 1.09-1.43) and between the
supportive and hesitant clusters (estimate=0.18; SE=0.06;
Z=3.07; P=.002; OR 1.19, 95% CI 1.07-1.33). This indicates
that higher levels of digital competence are associated with
increased odds of belonging to the enthusiastic or supportive
clustersrather than the hesitant cluster, suggesting that perceived
capability with digital technologies plays akey rolein shaping
trainees attitudinal profiles. Economic conditions, indicated
by GDP, also played asignificant rolein distinguishing between
the enthusiastic and hesitant groups (estimate=—0.03; SE=0.01;
Z=-2.44; P=.02; OR 0.97, 95% CI 0.95-0.99) Similarly, GDP
was a significant predictor of cluster membership when the
enthusiastic and supportive groups were compared
(estimate=—0.03; SE=0.01; Z=-3.02; P=.003; OR 0.97, 95% Cl
0.95-0.99), suggesting that trainees from countries with lower
GDP were more likely to belong to the enthusiastic cluster.
Gender, age, training year, workplace type (university vs
nonuniversity clinic), and prior digital experience were not
significant predictors (all P>.05). Given that demographic and
training characteristics, as well as overall experience with
various forms of digital learning, did not strongly differentiate
clusters, attitudinal patterns may belargely independent of these
background factors.

Figure2. Radar chartillustrating the distribution of standardized (0%-100%) mean scores across 3 clusters: “enthusiastic,” “ supportive,” and “ hesitant.”
Scores were normalized based on each dimension’s theoretical maximum to ensure comparability across variables. The 5 dimensions include attitude
toward VR/AR, attitude toward e-learning, distance education (DE) student’s perception, DE equipment facility, and DE facility and support.

VR/AR attitude

DE Facility and
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e-Learning attitude
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Table 2. Multinomial regression analysis comparing attitudinal clustersin distance education.
Clusters and predictors Estimate SE Wilcoxon Z Pvaue @Rr2 (95% Cl)
Enthusiastic (47/ 217 , 21.66%) —hesitant (41/ 217 , 18.89%)
Intercept -5.07 2.35 -2.16 .03 0.01 (0.00-0.63)
Digital_experience 0.1 0.07 1.38 A7 1.11 (0.96-1.28)
Digital_competence? 0.22 0.07 322 001  1.25(1.09-1.43)
Training_year 0.09 0.14 0.65 .52 1.1 (0.83-1.46)
Sex
Male-female 0.5 0.58 0.86 .39 1.65(0.52-5.19)
Workplace
University clinic— nonuniversity clinic -0.6 0.48 -1.24 21 0.55 (0.21-1.41)
GDF® (US $1000)b -0.03 0.01 -2.44 .02 0.97 (0.95-0.99)
Age (years) 0.03 0.07 0.38 70 1.03 (0.89-1.19)
Supportive (129/ 217 , 59.45%) —hesitant (41/ 217 , 18.89%)
Intercept -0.45 19 -0.24 .81 0.64 (0.02-26.52)
Digital_experience 0 0.06 0.02 .99 1(0.89-1.12)
Di gital_competenceb 0.18 0.06 3.07 .002 1.19(1.07-1.33)
Training_year 0.11 0.12 0.93 .35 1.11 (0.89-1.39)
Sex
Male-female 0 0.42 0.01 .99 1(0.44-2.29)
Workplace
University clinic—nonuniversity clinic -0.39 0.39 -1.01 31 0.67 (0.31-1.45)
GDP_(US $1000) 0 0.01 0.04 97 1(0.98-1.02)
Age (years) -0.04 0.06 -0.66 51 0.96 (0.85-1.08)
Enthusiastic (47/ 217 , 21.66% ) —supportive (129/ 217 , 59.45%)
Intercept -4.62 1.78 -2.60 .009 0.01 (0.00-0.32)
Digital_experience 0.10 0.06 1.75 .08 1.11 (0.99-1.24)
Digital_competence 0.05 0.05 0.94 .35 1.05 (0.95-1.16)
Training_year -0.01 0.11 -0.12 91 0.99 (0.79-1.23)
Sex
Mae-female 0.50 0.49 1.02 31 1.64 (0.63-4.28)
Workplace
University clinic—nonuniversity clinic -0.21 0.37 -0.56 .58 0.81 (0.39-1.69)
GDP (US $1000)° -0.03 0.01 -3.02 003 0.97(0.95-0.99)
Age (years) 0.07 0.06 1.23 .22 1.07 (0.96-1.19)
80R: odds ratio.

bDenotes statistical ly significant values.
SGDP: gross domestic product.

Attitude as a Function of Workplace and GDP of the
Country Hosting the Training Program
The results of the ANOVAS investigating the effects of GDP

and workplace on attitudes are depicted in Figure 3 and
Multimedia Appendix 7. The main effect of workplace reached
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significance for the student’s perception subscale (F; 5,=6.95;

P=.009; np2:0.03). Trainees from nonuniversity clinics had

significantly more positive attitudes toward distance learning
than trainees from university clinics.
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The analysis of the equipment facility subscale yielded a
significant GDP main effect (F,,=5.02; P=.007; n,’=0.05).
Corrected post hoc tests showed that the scores of traineesfrom
low-GDP countries were significantly higher than those of
trainees from high-GDP countries (mean difference—2.07, 95%
Cl -3.64t0-0.49; t51,=—3.10; 2-tailed P=.007); Cohen d=-0.52).
Similarly, there was a significant GDP main effect for facility
and support of the institution (F,,,=7.84; P<.001; ,?=0.07),
as wel as a dignificant Workplace x GDP interaction
(F5211=5.16; P=.007; n,*=0.05). Simple effects analyses
revealed that the GDP main effect was only significant for
trainees from nonuniversity clinics (F,,;=13.24; P<.001,
np2:0.11). Within this group, scores of trainees from low-GDP

countries were significantly higher than those of trainees from
medium-GDP (mean difference 2.17, 95% Cl 0.33 to 4.01;
t51,=3.39; 2-tailed P=.01); Cohen d=-1.11) and high-GDP
countries (mean difference —2.73, 95% Cl —4.35 to —1.11;

Schiegl et al

ty1,=4.85; 2-tailed P<.001; Cohen d=—1.11). The analysesalso
showed a significant workplace effect within the group of
trainees from high-GDP countries (F;,;,=6.03; P=.02,
r]p2=0.03): scoreswere higher for traineesfrom university clinics
than for other trainees.

The analysis of attitudes toward e-learning also yielded a
significant GDP main effect (F2,=4.59; P=.01; n,’=0.04):
trainees from low-GDP countries showed significantly more
positive attitude toward e-learning than trainees from high-GDP
countries (mean difference —3.62, 95% Cl —6.45 to —0.80;
t,1,=—3.03; 2-tailed P=.008; Cohen d=—0.51).

Finally, asignificant GDP main effect was found for experience
with technologies (F, »1,=3.65; P=.03, np2=0.03): traineesfrom
high-GDP countries had significantly more experience than

trainees from low-GDP countries (mean difference 1.48, 95%
Cl 0.14 to 2.82; t,1,=2.60; 2-tailed P=.03; Cohen d=0.44). No

further significant main effects or interactions were found.

Figure 3. Results of the questionnaire scores as afunction of workplace and gross domestic product (GDP) of the country hosting the training program.

Distance education - students' perception
Distance education - equipment facility
= b

GDP

Attitude toward VR/AR education

Associations Among Digital Competence, Experience,
and Attitude

Correlation analyses (Figure 4) showed digital competencewas
strongly associated with favorable attitudes across all learning
modalities, especially in low- and medium-GDP countries
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(Multimedia Appendix 8). Prior experience a so correlated with
more positive attitudes, highlighting the role of familiarity.
Positive views of one modality often extended to others,
reflecting broad openness to digital education, consistent with
theoretical frameworks emphasizing usability and prior
exposure.
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Figure 4. Correlations and partial correlations between attitude scales, digital competence, and experience with digital technology. Control variables
weredigital competence and experience with digital learning. When competence or experience was correl ated with an attitude variable, the other variable
served as the control variable. No control variables were applied when examining the correlation between competence and experience. *Indicates
statistical significance (P<.05). DL-E: distance learning—equipment facility; DL-FS: distance learning—facility and support of the institution; DL-SP:
distance learning—students’ perceptions; e-Learning: electronic learning; VR/AR: virtual reality/augmented reality.
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DL-FS - 027

DL-E 4 0.55°
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Factor Analysis of Attitude Items

The Mardia test showed significant multivariate skewness
(bp=307.11; P<.001) and kurtosis (b,,=1379.52; P<.001),
indicating violation of multivariate normality. Consequently, a
polychoric correlation matrix was used in all subsegquent
analyses. Factorability was supported by the Bartlett test of

sphericity (x%s05=7216.854; P<.001), the Kaiser-Meyer-Olkin
index =0.78, and the determinant of the correlation matrix

(3.97x107%°). Interitem correlations were generally moderate
(median r =0.368, range 0-0.925). Parallel analysisindicated 6
factors; however, conceptual overlap among related dimensions
motivated atheory-driven consolidation (eg, distance education
engagement and conditions — distance education perception),
yielding amore parsimonious 4-factor solution. In thisreduced
model, after rotation, the 4 factors explained 20.8%, 14.2%,
11.8%, and 10.7% of the variance (total=57.5%). No Heywood
cases were identified. More information is available in
Multimedia Appendix 3.

For model refinement, items with strong primary loadings and
adequate communalities were retained, while theoretical
interpretability was also considered. Further, 8 items (e-learning
items 6 and 10; distance education items 7, 10, 12, and 20-22)
were removed because of low communalities. Distance
education item 8 was excluded because of alow loading (0.38)
and cross-loading. e-Learning items 7-9 and 11 were excluded
because they loaded on a theoretically implausible factor
(distance education perception rather than e-learning).

The resulting model comprised 4 latent constructs: distance
education perception, equipment facility perception, attitude

https://mededu.jmir.org/2026/1/€79418
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toward VR/AR, and attitude toward e-learning. This structure
was evaluated using confirmatory factor analysis. The initial
model showed acceptable fit (x%3=370.57; CFI=0.938;
TLI=0.93; RMSEA=0.062; SRMR=0.052), dthough
modification indices indicated potentia improvement.
Accordingly, a residual covariance was specified between
distance education items 13 and 14 (M1=33.49), resulting in
improved fit (ACFI=0.01; ATLI=0.011; ARMSEA=-0.005;
ASRMR=0.002). Subsequent indices suggested an additional
residual covariance between elearning items 1 and 2
(M1=24.52). In both cases, the items were semantically similar
and reflected closely related constructs, justifying correlated
residuals (Multimedia Appendix 3).

The find model (Figure 5) demonstrated good fit
(X%01=323.203; CFI=0.955; TLI=0.948; RMSEA=0.053;
SRMR=0.053). Further modificationswere not pursued despite
several MIs>10 to avoid overfitting. The model showed
moderate to high correlations among the constructs, reflecting
their conceptual interdependencies within the domain of
e-learning environments. In more detail, interfactor correlations
demonstrated meaningful relationships, with distance education
perception positively associated with equipment facility
perception, attitude toward VR/AR, and attitude toward
e-learning, and equipment facility perception significantly
correlated with both attitude toward VR/AR and attitude toward
e-learning, reflecting theoretical interdependencies across
educational dimensions. Findingsfrom this more parsimonious
model were consistent with the partial correlation patterns
reported earlier, supporting the stability of the factor structure.

JMIR Med Educ 2026 | vol. 12 | €79418 | p. 10
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL EDUCATION

Schlegl et a

Figure 5. Interfactor correlations among constructs in the confirmatory factor analysis model. ATA: attitude toward VR/AR; ATE: attitude toward
e-learning; DEP: distance education perception; EFP: equipment facility perception.

Discussion

Overview

Digital tools have advanced medical education, particularly in
procedural fields such as orthopedics, where tactile skills
challenge remote learning. VR/AR simulations enabling safe
rehearsal (eg, arthroscopy knee simulators show operating room
transferability, and hip arthroscopy VR matches benchtop
training) [44-46]. Thisstudy highlightstheimportance of digital
competence and familiarity in shaping attitudes, aligning with
findings from other disciplines such as nursing and parallel
surgical evidence from veterinary medicine [47-50].

Our finding that VR/AR elicited the most positive attitudes
(mean 4.07) despitelimited exposure alignswith recent umbrella
reviews showing VR’s growing dominance in surgical training
and procedural skill acquisition [34]. The findings of Sommer
et al [51] regarding VR's reduction of errors and improvement
of completiontimesin surgical simulations (60 students; 2-arm
randomized trial) are consistent with the trainee optimism
reported in this study. Thisis corroborated by the findingsfrom
Pettinelli et al [13], whose systematic review with atotal sample
size of 148 residents or students affirmed that VR is effective
for learning specific arthroplasty techniques (no difference

between V R-trained and control groups; P=.56; 1>=85%), further
supporting the notion that residents are open to integrating this
technology into their training repertoire. However, similar to
the narrative review by Ivanov et a [52], we note that statistical
significance in performance outcomes remains inconsistent,
underscoring the need for larger longitudinal studies.

Structural equation modeling (SEM) revealed factors that
influence clinical cognition, health behavior, or the acceptance
of digital learning modalities[53-55]. Our analysis demonstrates
that engagement with distance education shows a strong
association with acceptance, suggesting abidirectional influence
between perceptions and intent in shaping residents’ comfort

https://mededu.jmir.org/2026/1/€79418

with e-learning platforms and VR/AR tools. This finding
underscores the importance of fostering engagement through
distance education to build familiarity with advanced digital
tools. SEM associations (eg, distance education acceptance) are
correlational, precluding causality; bidirectionality islikely (eg,
comfort shapes perceptions and vice versa). Longitudinal studies
are needed to test directions and moderators such as competence.

Our SEM findings, which link digital confidence to VR/AR
acceptance, support the “blended digital comfort” strategies
described by Cabero-Almenaraet al [56] (online questionnaire
involving 17,301 L atin American students). For example, pairing
VR modules with hands-on workshops could reduce effort
expectancy (a UTAUT construct), as observed in
proof-of-concept mixed-reality ward rounds by Bala et a [57]
involving 11 students, in which 82% of trainees reported
improved interaction. Tool proficiency is key for acceptance
and integration.

The interplay between e-learning dimensions, such as blended
digital comfort’s influence on e-learning attitudes, emphasizes
the need to address broader digital literacy and confidence.
Consistent with prior research (multinational survey involving
223 students), positive attitudes were more pronounced in
settings with lower access to conventional resources, such as
noncentral hospitals and low-GDP countries, where distance
and e-learning provide critical educational support [58]. This
is particularly important for designing interventions that
integrate multiple technologies effectively.

Beyond economic resources, sociocultural factors also shape
regional differences in technology adoption; national cultural
dimensions (uncertainty avoidance, individualism/collectivism,
and power distance) moderate links among ease of use,
perceived useful ness, and intention to adopt [59]. Traineesfrom
lower-GDP countries showed more positive attitudes, possibly
reflecting adaptive innovation culturesrather than mere scarcity,
whereas high-GDP regions may have more rigid educational
norms and accreditation structures that slow adoption
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(Multimedia Appendix 9 presents the Hofstede dimensions of
countries included in this study) [60]. Effective VR-based
orthopedic education therefore requires strategies tailored to
both economic capacity and cultural context: in lower-income
settings, low-cost standalone VR, local VR “champions,” and
team-based modules can support uptake, whereas in
higher-income settings, integration into accredited curricula,
assessment frameworks, and faculty development programs
helps overcome inertia. Across contexts, culturally responsive
leadership, clear standards, and evaluation using frameworks
such as the Consolidated Framework for Implementation
Research and reach, effectiveness, adoption, implementation,
and maintenance (RE-AIM) are needed to sustain engagement,
equity, and long-term integration [61,62].

TAM and UTAUT provide a useful interpretive lens for our
attitudinal patterns, linking them to concepts such as perceived
usefulness, ease of use, and contextual enablers. In our model,
attitude toward e-learning and distance education perception
map onto perceived usefulness and performance expectancy,
with digital competence and experience reflecting effort
expectancy, and workplace type and GDP representing
facilitating conditions and social influence. Digital competence
showed positive associations with attitudes toward e-learning,
distance education, and V R/AR—patterns consistent with TAM
and UTAUT concepts, while ingtitutional effects align with
UTAUT’s emphasis on environmental support and broader
trends in which novel tools elicit optimism despite limited
familiarity, although we did not estimate afull structural model

(eg, with R? for acceptance) [63,64]. Perceived ease of use,
digital confidence, and facilitating conditions—access to
hardware, connectivity, and institutional backing—aretherefore
critical and can be strengthened through user-friendly tools,
targeted training, institutional support, subsidized technol ogy,
and partnerships with providers to promote equitable access
[65].

Implications for Educational Design

The findings suggest a tiered approach to educational design.
At the core (immediate) level, digital competencetraining should
be embedded within curriculathrough targeted workshops and
organized testing campaigns to enhance familiarity and effort
expectancy. At the supportive (medium-term) level, access to
digita tools should be subsidized to address disparities
associated with lower GDP and strengthen facilitating
conditions. Collaborative programs and partnerships between
institutionsin lower- and higher-GDP countries should also be
promoted to support resident training, faculty devel opment, and
the sharing of educational resources and programs. At the
advanced (long-term) level, VR/AR modules and e-learning
platforms can be integrated into hybrid educational models,
with content and implementation strategies tailored to local
cultural and contextual needs.

Limitations

Limitationsinclude the unknown size of the trainee population,
uneven geographic distribution, inability to characterize
nonrespondents, and reliance on self-reported data. Due to the
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absence of standardized, publicly available databases
enumerating orthopedic resident characteristics across European
countries, it isnot possible to ascertain whether the proportions
observed in our sample reflect the true population. Uneven
geographic representation limits the ability to extrapolate
findings uniformly acrossall European contexts. Exclusion bias
might have affected the results because of the higher exclusion
rate among trainees working in nonuniversity clinics (10 of 18
exclusionswere dueto beginner-level English proficiency). The
reliance on self-reported attitude data may have introduced
socia desirability bias, potentially inflating positive responses
toward digita tools, as evidenced by the VR ceiling. No social
desirability scale was used. Nonetheless, thefindings are likely
generalizable because diverse demographics (29 countries and
balanced GDP and workplace types) support generalizability,
asdo global similaritiesin medical training and digital education
challenges. Future multimethod validation (eg, objective logs)
is needed; longitudinal studies are needed to test causality.

Future Per spectives

Further studies should assess the effects of sustained digital
platform exposure on attitudes and outcomes over time, using
mixed methods designs. Qualitative components should examine
VR/AR as innovative tools for orthopedic and trauma trainee
education. Phenomenological studiescan exploretrainees' lived
experiences with VR/AR tools, while ingtitutional case studies
can reved local implementation mechanisms. Quantitative
designs (exploratory, experimental, and longitudinal) should
assess skills acquisition via the objective structured assessment
of technical skills and the objective structured clinical
examination across residency. Trandational research should
examine the impact of digital skills on patient outcomes and
their correlations with attitudes, motivation, and retention. All
studies should be grounded in self-directed learning, cognitive
load, and deliberate practice theories for design and
interpretation.

Based on the findings, future research should focus on 3 main
directions:

« Longitudinal randomized controlled trials (priority): track
TAM and UTAUT pathways over time; test interventions
(eg, competence training) on actual method adoption in
multisite trials (n>500).

« Qualitative studies. phenomenology or interviews elucidate
mechanisms (eg, barriers among hesitant trainees and
drivers of enthusiasm in low-GDP countries).

+ Mixed methods evaluations: assess policy impacts (eg,
subsidiesand curriculd) viasurveysand usagelogsin hybrid
programs across Europe’s diverse socioeconomic landscape.

To operationalize these research directions and secure funding,
we propose ascal able 4-step approach (Textbox 1) aligned with
European Union schemes (Erasmus+ and Horizon Europe) and
frameworks (Consolidated Framework for Implementation
Research for determinants; RE-AIM, and dynamic sustainability
framework for sustainability). Each includes milestones, risks,
and mitigations (more detailed suggestions are provided in
Multimedia Appendix 10).
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Textbox 1. Scalable 4-step implementation and funding roadmap for virtual reality/augmented reality (VR/AR) surgical training in the European Union.

Step 1 (year 1)

Generate feasibility evidence via pilot studiesin 3 to 5 centers (approximately 30-50 trainees). End points. recruitment rates, usability, and faculty
burden. Fund curriculum and cross-border activities via Erasmus+ Small-scale Partnerships, mitigate heterogeneous infrastructure with device
specifications and train-the-trainer programs.

Step 2 (years 2-3)

Conduct preregistered multicenter studies (n=150 trainees) with standardized outcomes (objective structured assessment of technical skills and the
Surgical Council on Resident Education), efficiency analyses, and cost-benefit analyses. Compare virtual reality (VR) and augmented reality (AR)
with traditional methods; mitigate bias via cluster designs and harmonized training.

Step 3 (years 3-4)

Establish 2 to 4 regional VR and AR hubs for training, content sharing, and faculty development, including low-resource sites. Leverage the Society
in Europe for Simulation Applied to Medicine and European Digital Innovation Hubs networks; mitigate fragmentation via interoperability, shared
procurement, and equitable access.

Step 4 (years 4-5)

Conduct multicountry scale-out with RE-AIM (reach, effectiveness, adoption, implementation, and maintenance) eval uation; test sustainable models
(eg, subscription-based approaches). This approach mirrors European Union initiatives; mitigate delays viashared contracts and General Data Protection
Regulation (GDPR) templates for scalable, equitable VR and AR education.

Conclusion

Analysis of this international multicountry survey highlights
that foundational engagement and confidence are pivotal for
promoting advanced adoption of VR and AR technologies and
optimizing the use of digital tools. Programs should prioritize
an interactive, well-supported, and blended approach to
accommodate varying levels of digita familiarity and
preferences.

The application of TAM and UTAUT in this study supports
their utility in understanding technology adoption in medical
education. By addressing perceived usefulness, ease of use,
socia influence, and facilitating conditions, institutions can
design strategies to enhance digital tool integration. In this
context, tailored implementation strategies should be developed
to optimize digital education adoption. These theoretical
advancementsinform future research and guide pragmatic policy
design aimed at integrating digital tools into postgraduate
orthopedic training.

Our findingsindicatethat digital competence strongly influences
acceptance of technol ogy-enhanced education among orthopedic
trainees. Therefore, implementation strategies should prioritize
competence-building initiatives, such as structured digital
literacy programs, asfoundational steps. Following competency
development, scalable interventions such as VR module
integration can be implemented more effectively.
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AR: augmented reality

CFIl: comparative fit index

EFA: exploratory factor analysis

GDP: gross domestic product

GDPR: General Data Protection Regulation

MI: modification indices

OR: oddsratio

rbs: rank-biserial correlations

RE-AIM: research and reach, effectiveness, adoption, implementation, and maintenance
RM SEA: root mean square error of approximation

SEM: structural equation modeling

SRMR: standardized root mean square residual

TAM: technology acceptance model

TLI: Tucker-Lewis Index

UTAUT: unified theory of acceptance and use of technology
VR: virtua reality
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