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Abstract

Conventional occupational safety training is often criticized for weak transfer of declarative
knowledge into workplace behavior. Immersive virtual reality (iVR) has been proposed as
a promising complement, yet comparisons of different iVR formats remain scarce in real
occupational settings. This quasi-experimental field study (N = 127) compared six training
formats—training-as-usual (control), desktop single-player, iVR single-player, iVR multi-
player, iVR multi-player with retrospective perspective change (RPC), and iVR classroom—
each embedded as an add-on to the Swiss Federal Railways (SBB) track safety course (SstA).
The primary outcome was achieving the full score on a safety-critical checklist exam item;
secondary outcomes were technology acceptance (TAM: perceived usefulness, ease of use,
behavioral intention) and five practice-oriented items. Binomial logistic regression showed
a significant overall model (χ2(5) = 15.80, p = 0.007): participants in all five digital conditions
had significantly higher odds of achieving the full score than participants in training-as-
usual (OR = 5.13–14.62). Kruskal–Wallis tests revealed significant group differences on all
three TAM scales and three practice-oriented items, with the most favorable descriptive
pattern observed for iVR classroom. The observed pattern suggests that instructional con-
figuration may play an important role alongside technological immersion in occupational
iVR training. However, given the quasi-experimental design and the presence of residual
confounding, these findings should be interpreted as associative rather than causal.

Keywords: immersive virtual reality; occupational safety training; technology acceptance
model (TAM); field experiment; collaborative learning; railway safety; head-mounted
display; training transfer

1. Introduction
Immersive virtual reality (iVR) is increasingly proposed as a way to close occupa-

tional safety training’s persistent transfer problem—the well-documented gap between
passing a course and reliably showing the trained behavior at the workplace [1–3]. Yet the
existing evidence base for this claim rests almost entirely on comparisons between iVR
and conventional, non-immersive training (e.g., [4,5]); it says comparatively little about
how iVR training should be instructionally configured once the decision to use it has been
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made. Whether trainees learn individually or collaboratively and with or without direct
instructor facilitation inside the virtual environment are design choices that occupational
iVR research has rarely varied systematically within one authentic training pipeline—even
though these choices may matter more for learning outcomes than the mere presence of
immersive technology.

Conventional classroom instruction struggles to let trainees experience the relevance
of safety content directly, particularly for situations rehearsed infrequently in daily work;
without this felt relevance, training risks becoming a formal obligation whose content
is quickly forgotten and decoupled from everyday practice [2,3]. One consequence is a
distorted perception of risk and a weaker sense that safety outcomes can be influenced
through one’s own actions [2], with accurate risk perception being widely regarded as a
precondition for safety motivation and appropriate safety behavior [6–9]. Because iVR
affords realistic, situated rehearsal of hazardous scenarios without exposing trainees to
actual risk [10], it is theoretically well positioned to strengthen exactly this link between
training and workplace behavior. Risk perception itself was not measured in the present
study, however, and is introduced here only as background motivation; the present study
instead examines a direct behavioral proxy for this mechanism—performance on a safety-
critical exam item requiring the same hazard judgment that risk perception is thought
to support.

1.1. Related Work: Facilitating Factors and Immersive Virtual Reality

Beyond the medium itself, a training’s benefit depends on learner factors such as
self-efficacy and motivation [11,12] and on didactic design features such as interactivity,
experience-based learning, and social interaction [2]. Simulation-based learning capitalizes
on these features: its interactivity raises engagement [13], and iVR affords a level of spatial
and sensory realism that further supports this engagement [14,15]. Reviews accordingly
report that iVR is well suited to safety and workplace training because it enables risk-free,
situated rehearsal of hazardous scenarios [4,5,16]. This benefit is conditional rather than
automatic, however: perceived usefulness depends strongly on how well the iVR design
fits the learning content, and poorly facilitated or overloaded designs can be counterproduc-
tive [15,17], which is precisely why the present study focuses on instructional configuration
rather than on iVR technology as such. Unless stated otherwise, iVR in this study refers
to fully immersive, head-mounted display-based VR with dedicated hand controllers,
as distinct from non- to low-immersive desktop VR [18,19]; hardware specifications are
reported in the Methods Section.

1.2. The Cognitive–Affective Model of Immersive Learning (CAMIL)

A generally accepted model explaining learning with immersive media has long been
missing [20,21]. The Cognitive–Affective Model of Immersive Learning (CAMIL; [15])
fills this gap and serves as the conceptual backbone of the present study. The CAMIL
proposes that immersion and interactivity elicit presence and agency, which in turn drive
cognitive–affective mechanisms—interest, motivation, self-efficacy, embodiment, cognitive
load, and self-regulation—that ultimately determine learning gains. Critically, presence
is multidimensional: physical, social, and self-presence [22] can, in principle, arise from
different sources within a training format, while agency describes the felt sense of being
able to control one’s own actions in the virtual environment. This distinction motivates our
central theoretical expectation for the present comparison of six training formats: configu-
rations that reduce individual agency and physical immersion (e.g., a shared classroom
format observed via projection) may nonetheless sustain learning gains if they compensate
with higher social presence through instructor facilitation and peer observation, whereas
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configurations that maximize individual agency but minimize social contact (e.g., single-
player iVR) rely on a different presence pathway to reach the same cognitive–affective
outcomes. Because medium and method must be considered jointly for iVR to be effective,
the CAMIL predicts that these six formats should differ in learning outcomes not because
they differ in how much VR they contain, but because they differ in which presence and
agency pathways they engage.

1.3. Collaborative Learning

Multi-player and instructor-led iVR formats add a further layer to this presence
pathway. Constructivist [23] and social–constructivist [24] learning theory, together with
Kolb’s [25] experiential learning model, predict that learners can accomplish more with the
support of an instructor or peers—within their zone of proximal development [24]—than
they can individually, provided this support facilitates reflection on the experience rather
than merely adding coordination demands [26,27]. Concretely, instructor scaffolding, real-
time feedback, and observational learning from peers’ successes and errors are mechanisms
through which collaborative or instructor-facilitated iVR could increase social presence
and thereby sustain or exceed the learning gains of individual iVR, even at lower levels of
individual immersion [28,29]. Whether this compensatory mechanism holds in practice,
however, likely depends on the collaborative structure itself: purely peer-to-peer coordi-
nation may introduce a collaborative load that offsets its own benefit [26,27], whereas a
shared, instructor-led format may retain the benefit without the added coordination cost.
This distinction between collaboration with and without direct instructor facilitation is one
of the specific instructional configurations compared in the present study.

1.4. Technology Acceptance

Whether a technology is merely available does not guarantee that trainees are willing
to use it [30], and technology acceptance is therefore not simply an additional questionnaire
outcome but a theoretically relevant one: within the CAMIL, the same presence and agency
pathways that drive learning gains are also expected to shape perceived usefulness and
enjoyment [15], and technology acceptance is therefore relevant to whether trainees intend
to continue using a new training technology [31]. The Technology Acceptance Model
(TAM; [31]), grounded in the Theory of Reasoned Action [32] and the Theory of Planned
Behavior [33], operationalizes this readiness via perceived usefulness (PU) and perceived
ease of use (PEOU), which predict behavioral intention to use (BI). TAM has already
been applied to iVR training acceptance in vocational [34], medical [35], and academic
contexts [36,37], with mixed results. Özgen et al. [36], for instance, found higher enjoyment
and intention for iVR than paper-based training, but no difference in perceived usefulness
or ease of use—underscoring that acceptance, like learning, may depend on instructional
configuration rather than on iVR as such.

1.5. Research Gap and Hypotheses

Taken together, previous research suggests that immersive VR can enhance occupa-
tional safety training compared with conventional approaches and provides theoretical
reasons, derived from the CAMIL and collaborative learning theory, to expect that different
instructional configurations may be associated with different learning and technology
acceptance outcomes. However, most occupational iVR studies have compared a single VR
format with conventional training, leaving limited evidence on how different instructional
configurations perform within the same authentic training context. The present quasi-
experimental field study addresses this gap by comparing six training formats embedded
within a single occupational railway safety course. Because this study was conducted
under real-world field conditions without random assignment, it is intended to identify
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practically relevant patterns of association rather than to isolate the causal contribution of
individual instructional or technological components.

We compared the six training formats in the context of Swiss railway track safety
training—one instance of a broader class of high-risk occupational domains, alongside,
e.g., construction or aviation ground operations, in which safety-critical judgment tasks
are trained under similarly constrained conditions. Personnel entering the Swiss railway
track area under self-protection must complete the two-day “Selbstschutz Arbeit” (SstA)
course, which concludes with a theoretical exam; a specific, heavily weighted exam item on
the safety checklist and approach distance calculation is a recurrent source of exam failure,
giving SBB a concrete practical incentive—alongside the scientific motivation above—to
evaluate whether digitally enhanced training add-ons could improve performance on this
item. Following the identification of relevant safety elements and scenario design and the
development of an interaction tutorial [38], the present study evaluated the complete set of
training formats within real SstA courses. Because SBB’s own priority was the practical,
work-relevant usefulness of training rather than fine-grained theoretical constructs, five
additional practice-oriented items on situational awareness and hazard perception were
developed together with SBB safety experts to complement the TAM scales.

Building on the CAMIL and collaborative learning theory, the present quasi-
experimental field study tested four hypotheses.

Hypothesis H1. Participants in each digitally enhanced condition will have higher odds of achieving
the full score on the safety-critical examination item than participants in training-as-usual [2,15].

Hypothesis H2. Examination outcomes in the instructor-facilitated iVR classroom condition will
be descriptively similar to those in the iVR single-player condition.

Hypothesis H3. iVR conditions will show more favorable technology acceptance ratings (PU,
PEOU, BI) than training-as-usual and desktop training.

Hypothesis H4. Collaborative and instructor-facilitated iVR conditions will show more favorable
practice-oriented ratings than individual formats [24,25].

2. Materials and Methods
2.1. Design

This study (see Table 1 for group statistics) followed a quasi-experimental, non-
randomized field design with a control group, embedded as an add-on within the regular
two-day SstA course, and compared participants’ behavior across six between-subjects
conditions (Table 2; [39]). A field design was chosen over a laboratory study because the
research question concerned training effectiveness within the authentic SstA curriculum,
trainers, and trainee population actually used by SBB; a laboratory analog would have
sacrificed exactly the ecological validity—real trainers, real course pressure, real trainee
motivation—that the practical and scientific questions required [40] at the cost of the tighter
experimental control a laboratory setting affords [41]. Several features of the design were
pragmatic constraints rather than deliberate methodological choices: because participation
was voluntary and uncompensated, and because SBB required the regular course content
to remain unaltered, randomization of individual trainees to conditions was not feasible.
Condition was instead assigned at the level of the course run rather than the individual
trainee: all trainees of a given SstA course run who opted to take part were assigned to
the same condition, because running multiple conditions in parallel within one course
was logistically impossible given room and equipment availability. Which condition a
given course run received was pre-planned and only adjusted, when necessary, to keep
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the running tally of participants roughly balanced across the six conditions; this quota-
based balancing targeted sample size only and did not take participant demographics into
account (see Section 2.3). Because trainees could not be randomly allocated and rooms,
trainers, and course dates varied across conditions, the design affords high external validity
but a correspondingly reduced ability to rule out confounding variables such as differing
rooms or trainers, which limits the causal interpretability of the results [40]; we return
to this trade-off explicitly in Section 2.9 (Threats to Validity). Reporting follows, where
applicable to a quasi-experimental field study, the spirit of the TREND recommendations
for non-randomized behavioral and public health intervention evaluations [42].

2.2. Recruitment and Participant Allocation

Prospective participants were invited by the course trainer via e-mail approximately
one week before the course began. Participation in the study was voluntary and uncom-
pensated. On the first day of the course, the trainer recorded the number of trainees who
agreed to participate and reported this number to the research team. Condition allocation
occurred at the level of the entire course run rather than at the individual participant level,
as described in Section 2.1. All participating trainees within a given course run therefore
received the same training condition. The condition for each course run was selected with
consideration of the number of participants already recruited to each condition and the
technical capacity of the respective training format. No individual-level randomization
or demographic balancing (e.g., by age, gender, or prior VR experience) was performed.
Figure 1 summarizes the recruitment and course run-level allocation procedure. Sample
characteristics by condition are reported in Section 2.3 and Table 1.

 
Figure 1. Recruitment and course run-level allocation procedure.
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Table 1. Sample composition by condition.

Condition N M Age/Range Prior VR
Experience Gender Team (N) Location (N)

Training-as-usual 23 19.43 years
15–41 years 13

19 male,
3 diverse,

1 not stated
Ost (23) Zürich (23)

iVR single-player 20 37.45 years
16–53 years 10 1 female,

19 male
Mitte (13),

Ost (7)
Olten (13),
Zürich (7)

Desktop
single-player 20 39.40 years

23–60 years 7
1 female,
18 male,

1 not stated
Mitte (20) Bern (2),

Olten (18)

iVR multi-player 23 35.04 years
21–60 years 5

4 female,
18 male,

1 not stated

Mitte (4),
Ost (19)

Olten (4),
Zürich (19)

iVR multi-player
with RPC 21 38.33 years

20–62 years 8 1 female,
20 male

Mitte (9),
Ost (12)

Olten (9),
Zürich (12)

iVR classroom 20 36.45 years
23–59 years 6 1 female,

19 male
Mitte (15),

Ost (5)
Olten (15),
Zürich (5)

All groups 127 34.05 years
15–62 years 49 (38%)

8 female,
113 male,
3 diverse,

3 not stated

Mitte (61),
Ost (66)

Bern (2),
Olten (59),
Zürich (66)

Note. N = sample size; M = mean age in years; Prior VR = number of participants with prior VR
experience; iVR = immersive virtual reality; RPC = retrospective perspective change.

2.3. Sample

The required sample size was calculated a priori using G*Power 3.1.9.7 [43]. For the
planned statistical procedures with six groups, a power of 0.95, and an estimated medium
effect size of f2(V) = 0.15 [44], a minimum sample of 90 participants was required. Data
collection was conducted across 34 course runs and yielded a total analytic sample of
N = 127 voluntary participants distributed across the six training conditions. Sample
composition by condition is presented in Table 1.

Table 1 shows that the six conditions were reasonably balanced in sample size
(n = 20–23) but not in demographic composition: mean age in training-as-usual
(19.4 years) was descriptively far lower than in every experimental condition
(35.0–39.4 years), reflecting that the control-condition course runs happened, by chance
of the recruitment schedule, to draw more apprentices from the “Ost” team. Gender was
heavily skewed towards male participants in all conditions (113 of 127 overall), and prior
VR experience ranged descriptively from 5 to 13 participants per condition. Although
participant-level demographic data were available, the present study was not designed
or powered to evaluate demographic effects. Consequently, demographic variables were
not included as covariates in the primary analyses, and the findings should be interpreted
within the context of the quasi-experimental study design. We treat the resulting age imbal-
ance, in particular, as a substantive threat to internal validity that is addressed explicitly in
Section 2.9 (Threats to Validity) and revisited in Section 4.8.1 (Design Limitations).

2.4. Training Conditions

The six conditions are best understood along two largely independent dimensions
(Figure 2): a technological dimension (non-immersive desktop vs. immersive HMD-
based iVR) and an instructional dimension (individual, self-guided use vs. collaborative,
instructor-facilitated use). Training-as-usual involved neither desktop nor iVR technology;
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iVR single-player and desktop single-player differ only in technology while holding the
individual, self-guided instructional format constant; and iVR multi-player, iVR multi-
player with RPC, and iVR classroom all use identical HMD hardware while differing in
exactly how collaboration and instructor facilitation are structured (Table 2). This concep-
tual distinction facilitates the comparison of technological and instructional characteristics
across conditions. However, because several instructional and technological features varied
simultaneously, the present design does not permit the independent causal attribution of
observed differences to any single design component.

Figure 2. The instructional and technological dimensions of the digitally enhanced training condi-
tions. The horizontal dimension distinguishes individual/self-guided from collaborative/instructor-
facilitated training, whereas the vertical dimension distinguishes non-immersive desktop from im-
mersive HMD-based training. Training-as-usual is shown separately as the conventional non-digital
reference condition. Technical capacity differed between conditions. Depending on the available
hardware, up to eight participants per course run could participate in the iVR single-player condition
and up to six in the desktop single-player condition, whereas all trainees in a course run (maximum
12) could participate in training-as-usual.

Table 2. The six training conditions.

Condition Group Description

Training-as-usual (TAU) Control
The SstA course took place as usual. Participants watched instructional

films and worked with a wooden track model. A questionnaire was
administered at the end of the day.

iVR single-player Experimental
In addition to the regular course, participants individually experienced
four weather conditions and train passages via HMD, using a T-wrench

to tighten flashing screws, supported by voice/text feedback.

https://doi.org/10.3390/mti10090089

https://doi.org/10.3390/mti10090089


Multimodal Technol. Interact. 2026, 10, 89 8 of 26

Table 2. Cont.

Condition Group Description

Desktop single-player Experimental As iVR single-player, but delivered via PC monitor instead of an HMD.

iVR multi-player Experimental
Participants experienced the virtual world together with the trainer via
HMD; the trainer assigned roles, triggered train passages, and changed

the weather.

iVR multi-player with retrospective
perspective change (RPC) Experimental

As iVR multi-player, but at the end of each weather condition
participants additionally relived their own trackside action from 30 s

earlier from the train driver’s viewpoint/cab view.

iVR classroom Experimental

Participants experienced the virtual world in pairs via an HMD while
the trainer assigned roles, triggered train passages and changed the

weather from the real world; the remaining course observed the scene
on a projection screen; After the pair was done, they went back to the
observer role and the next two participants became immersed with the

VR goggles until every participant was the observer and iVR-user

2.5. Materials

For the immersive conditions (iVR single-player, iVR multi-player, iVR multi-player
with RPC, iVR classroom), a Meta Quest 2 HMD in standalone mode was used. Participants
received one controller per hand, allowing them to teleport and to grip and use a virtual
T-wrench, and built-in spatial audio conveyed sound, which was particularly important
during the tutorial. Elite straps and lens spacers were used to increase wearing comfort,
and a local wireless router maintained the network connection required by the HMDs
throughout data collection. The desktop single-player condition used the same virtual
learning environment delivered via a workstation, mouse, and headphones instead of
an HMD, isolating the technological (immersive vs. non-immersive) contrast from the
instructional format (Figure 2). The virtual learning environment (see Figure 3) itself
included a virtual agent (“Emma”) who guided participants through an introductory
tutorial [38] before the main scenarios (the full training sequence is described in Section 2.7).
Table 3 summarizes the principal design elements that were held constant across conditions
and those that were intentionally varied as part of the comparative design.

Table 3. Comparison of experimental design elements across the six training conditions.

Design Feature Held Constant Across
Conditions

Intentionally Varied
Between Conditions

Learning Scenario ✔

Learning objectives ✔

Safety task/examination ✔

Tutorial ✔

Scenario duration ✔

Hardware (Desktop vs. HMD) ✔

Collaboration structure ✔

Instructor facilitation ✔

Perspective change (RPC) ✔

Feedback source (virtual agent vs. instructor) ✔

2.6. Measures

The study included one primary performance outcome and two groups of secondary
self-report outcomes: (1) technology acceptance measures and (2) five practice-oriented
items. The primary outcome was examination performance, operationalized as whether a
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participant achieved the full score on the safety-critical checklist/approach distance item of
the standard SstA examination (vs. a score below 4). Scores were obtained directly from par-
ticipants’ completed examination checklists rather than from the follow-up questionnaire.
This item was selected a priori because it captures the specific hazard judgment targeted by
the training scenarios—evacuation timing and minimum visibility—and could be scored
consistently across all 34 course runs without relying on self-report. The outcome should
therefore be interpreted as performance on one predefined safety-critical examination task
rather than as a comprehensive measure of occupational competence, training transfer,
or subsequent workplace safety behavior. Secondary outcomes were assessed using a
follow-up questionnaire created with the Enterprise Feedback Suite [45] and completed via
QR code after the assigned training condition/study session. The full project questionnaire
comprised 2 general questions, 4 demographic questions, and 49 items derived from the
TAM and CAMIL frameworks together with the SBB-developed practice-oriented items.
For the present study, only the TAM measures and the five practice-oriented items were
analyzed and are therefore reported here; the remaining CAMIL-derived questionnaire
items formed part of the broader project evaluation but were not analyzed for the present
research questions. Technology acceptance was assessed using the iVR-adapted TAM
measures reported by Özgen et al. [36], covering perceived usefulness (PU), perceived
ease of use (PEOU), and behavioral intention (BI). Five additional practice-oriented items
were developed in collaboration with SBB safety experts to assess participants’ perceived
preparedness for practical work, perceived safety preparedness, hazard awareness, and sit-
uational awareness. Their full wording is provided in Table 4. All five items were rated on
a 5-point scale ranging from 1 (“strongly disagree”) to 5 (“strongly agree”). In the present
sample, the five items showed good internal consistency when combined (Cronbach’s
α = 0.88). Given the available sample (N = 127), the project-specific status of these items,
and the absence of an independently validated measurement model for this five-item set, no
confirmatory factor analysis was undertaken. Although classical methodological guidance
has treated substantially larger samples, including samples around 300, as preferable for
stable factor-analytic solutions [46], more recent simulation research shows that CFA sam-
ple size requirements are model-dependent rather than governed by a universal numerical
threshold [47]. Against this background, we considered N = 127 insufficient for a robust
confirmatory validation of this project-specific five-item measurement model; scale scores
were therefore calculated as unweighted item means rather than factor scores.

Table 4. Practice-oriented items developed for the present study in collaboration with SBB safety ex-
perts.

Practice-Oriented Items

Compared to training without the learning tool, I feel better prepared for practical work
Compared to training without the learning tool, I feel safer prepared for practical work
The hazards in the track area were made very clear to me by the learning tool
The learning tool conveyed the hazards in the track area vividly
The experience with the learning tool positively influenced my situational awareness

Each item was rated on a 5-point scale from 1 (“strongly disagree”) to 5 (“strongly
agree”); combined as a single scale, these five items showed good internal consistency
computed on the present sample (α = 0.88).
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2.7. Procedure

Data collection took place on the first course day after completion of the regular SstA
course (approximately 4:30 p.m.) so as not to alter the standard curriculum. The complete
study session, including informed consent and questionnaire completion, was limited to a
maximum of one hour; the target completion time for the questionnaire was ten minutes.
Participants were explicitly informed that study participation was unrelated to passing or
failing the SstA examination. At least two FHNW facilitators were present at every session
to support participants and the course trainer and to address technical issues with the
HMDs or PC equipment. Trainers followed a structured facilitation script (“Drehbuch”)
developed by the project team for each condition. The script specified the sequence of
instructions, timing, and feedback to be provided and was intended to support consistent
facilitation rather than prescribe a verbatim word-for-word delivery. Some variation in
delivery across trainers therefore cannot be ruled out. Prior to data collection, an initial dif-
ference in HMD and script familiarity was identified between the “Ost” (Zürich) and “Mitte”
(Olten, Bern) trainer teams. A dedicated train-the-trainer day was therefore conducted to
familiarize all trainers with the HMDs and scripts, followed by a second refresher day. Both
activities were intended to improve consistency across trainers and sites; the remaining risk
of trainer- and site-related differences is discussed in Section 2.9 (Threats to Validity). For
the digitally enhanced conditions using the virtual environment, the training sequence can
be described in five consecutive phases: (1) interaction tutorial, (2) sensitization scenario,
(3) safety checklist exercise, (4) four experimental training scenarios with condition-specific
feedback, and (5) session ID assignment and post-training questionnaire completion. First,
participants completed an approximately seven-minute tutorial individually, guided by
the virtual agent Emma. The tutorial introduced locomotion, grasping and releasing the
T-wrench, and finally using the tool to tighten three loose screws [38]. Second, participants
entered a shared virtual environment (see Figure 3) for a sensitization phase. The trainer
instructed them to stand between two tracks, after which a train passed at 160 km/h
under poor visibility conditions. This scenario was intended to sensitize participants to
sudden changes in visibility. Third, participants removed the HMD and completed the
safety checklist under the trainer’s guidance for a projected task. This exercise was used
to calculate the safety-relevant evacuation time and minimum visibility distance applied
in the subsequent scenarios. Fourth, participants re-entered the virtual environment and
completed four scenarios presented in varying order: (a) rain with 250 m visibility and a
passing train, (b) rain with 320 m visibility and a passing train, (c) fog with 250 m visibility
and a passing train, and (d) fog with 320 m visibility and a passing train. Their task was to
recognize independently, based on visibility or an approaching train, when to leave the
track and retreat to the place of refuge while respecting the required 8 s evacuation time
and the resulting minimum visibility of 320 m calculated during the checklist exercise. In
the single-player scenarios, participants were self-guided via voice/text feedback, whereas
the multi-player scenarios were guided by the trainer. Depending on participants’ behavior,
feedback was provided by the virtual agent in the single-player/desktop formats or by
the trainer in the multi-player conditions. Five feedback messages were available: two
negative-visibility variants, a negative refuge-without-cause variant, a negative too-slow
variant, and a positive (“all correct”) message. Finally, after completing all four scenarios,
participants received an anonymous session ID within the VR environment to link their
training data with the post-training questionnaire, which was completed via QR code as
described in Section 2.6.

https://doi.org/10.3390/mti10090089

https://doi.org/10.3390/mti10090089


Multimodal Technol. Interact. 2026, 10, 89 11 of 26

 

Figure 3. Examples of the virtual railway environment and training scenarios. (Top): Examples of the
visibility conditions represented in the virtual environment, including clear weather and fog or rain
at visibility distances of 320 m and 250 m. (Bottom left): Example of a track work scenario with an
approaching train. (Bottom right): Cab view used in the iVR multi-player + RPC condition.

2.8. Statistical Analysis

The statistical analyses were organized according to the four study hypotheses. H1
was evaluated using binomial logistic regression comparing each digitally enhanced condi-
tion with training-as-usual, supplemented by Firth bias-reduced regression as a robustness
analysis. H2 concerned the descriptive similarity of examination outcomes between iVR
classroom and iVR single-player; no formal equivalence or non-inferiority test was per-
formed. H3 was evaluated using Kruskal–Wallis tests of the TAM scales (PU, PEOU, and
BI), followed by Dunn–Bonferroni pairwise comparisons. H4 was examined using the
same non-parametric procedure for the five practice-oriented items, with these findings
interpreted as exploratory because the items were developed specifically for the present
project. Data exported from the questionnaire tool [45] were merged in Excel [48] with
participants’ exam scores; the analytic sample of N = 127 had no missing values on the
primary exam score variable, as this was scored directly from every participant’s completed
paper checklist rather than relying on questionnaire response. For the secondary question-
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naire outcomes, perceived usefulness had n = 127 observations, whereas perceived ease
of use, behavioral intention, and the five practice-oriented items had n = 126 because one
participant in the iVR multi-player condition had the relevant responses coded as zero and
these values were treated as missing. The corresponding analyses used the available cases
for each outcome. H1 was analyzed with a binomial logistic regression with a categorical
predictor (condition, dummy-coded, with training-as-usual as reference category) predict-
ing whether the full score on the checklist/approach distance exam item was achieved
(vs. a score below 4). Each participant contributed one observation to one condition;
however, observations were clustered within course runs and shared trainers/sites, so
strict statistical independence cannot be assumed. This dependence could not be modeled
reliably with the available cluster structure and is treated as an inferential limitation in
Sections 2.9 and 4.8.1. Assumptions specific to continuous predictors, such as linearity of
the logit, were not applicable because the model contained only the categorical condition
predictor. Model fit (−2 log-likelihood, Cox & Snell R2, Nagelkerke R2), odds ratios with
Wald-based 95% confidence intervals (relative to the control group), and the descriptive
percentage of full vs. non-full scores per condition are reported in the Results Section. Be-
cause the five dummy-coded condition contrasts test a single a priori comparison structure
(each experimental condition vs. the same training-as-usual reference) within one omnibus
model rather than five independent pairwise tests, no additional multiple-testing correction
was applied to these contrasts beyond the omnibus likelihood-ratio test of the full model;
this differs from the H3/H4 pairwise KWT contrasts, where Bonferroni correction was
applied because all 15 possible pairwise comparisons per scale were examined. H3 and H4
were analyzed with non-parametric Kruskal–Wallis tests (KWT), given visibly non-normal,
ceiling-skewed distributions typical of 5- and 7-point Likert-type scale scores, followed
by pairwise comparisons with Bonferroni correction; only overall significant KWTs are
reported, with pairwise comparisons that remained significant after Bonferroni correction
marked in the corresponding figures. All statistics reported in this manuscript—the bi-
nomial logistic regression (Table 5), the Firth [49] bias-reduced re-analysis (Table 6), and
the Kruskal–Wallis tests with Dunn–Bonferroni pairwise comparisons (Technology Ac-
ceptance and Practice-Oriented Items Results)—were computed by the authors in Python
3.11 (statsmodels 0.14.6, pyreadstat 1.3.5, scipy 1.17.1, scikit-posthocs 0.14.0); figures were
produced programmatically using matplotlib. We did not employ mixed-effects or mul-
tilevel models to account for the nesting of participants within 34 course runs, eight
trainers, and three locations, because cluster sizes at the trainer and course run level
(typically 1–4 participants per condition per run) were too small to support stable estima-
tion of random effects or intraclass correlations; the resulting clustering and trainer/site
confounding are addressed explicitly in Section 2.9 (Threats to Validity) and 4.8.1 (Design
Limitations). For the same reason, and because condition assignment occurred at the course
run rather than the individual level (see Section 2.1), covariate adjustment (e.g., for age)
was not incorporated into the primary confirmatory model reported here; the plausibility
of age as an alternative explanation is addressed explicitly in Sections 2.9 and 4.8.1.

Table 5. Binomial logistic regression coefficients and 95% confidence intervals by condition (reference
category: training-as-usual).

Condition B SE Wald df Sig. OR (Exp[B]) 95% CI

iVR classroom 2.682 1.109 5.851 1 0.016 14.62 [1.66, 128.46]
iVR multi-player with RPC 1.989 0.854 5.422 1 0.020 7.31 [1.37, 38.97]

iVR multi-player 1.635 0.749 4.770 1 0.029 5.13 [1.18, 22.27]
iVR single-player 2.682 1.109 5.851 1 0.016 14.62 [1.66, 128.46]
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Table 5. Cont.

Condition B SE Wald df Sig. OR (Exp[B]) 95% CI

Desktop PC 1.935 0.856 5.111 1 0.024 6.92 [1.29, 37.07]

Note. B = unstandardized logistic regression coefficient; SE = standard error; OR = odds ratio;
CI = 95% confidence interval for OR, calculated using the Wald method (exp[B ± 1.96 × SE]). All
values in this table were computed by the authors directly from the raw participant-level data using
Python 3.11 (statsmodels 0.14.6); The identical coefficients for iVR classroom and iVR single-player
are not a data-entry error: both conditions had exactly the same cell counts (19 of 20 participants
achieving the full exam score), which mathematically yields identical log-odds, standard errors, and
odds ratios relative to the same reference category in a single-categorical predictor logistic regression.
The wide confidence intervals reflect the comparatively small per-condition sample sizes (n = 20–23)
and should be considered when interpreting the precision of these estimates. As a robustness check
for this small-sample bias, a Firth [49] bias-reduced re-analysis was additionally fitted (see Section 3.2
and Table 6).

Table 6. Comparison of standard maximum-likelihood (MLE) and Firth bias-reduced odds ratios for
full exam score, by condition (reference category: training-as-usual).

Condition OR (MLE) 95% CI (MLE) OR (Firth) 95% CI (Firth)

iVR classroom 14.62 [1.66, 128.46] 10.11 [1.53, 66.98]
iVR multi-player with RPC 7.31 [1.37, 38.97] 6.07 [1.25, 29.44]

iVR multi-player 5.13 [1.18, 22.27] 4.56 [1.10, 18.87]
iVR single-player 14.62 [1.66, 128.46] 10.11 [1.53, 66.98]

Desktop PC 6.92 [1.29, 37.07] 5.76 [1.18, 28.07]

Note. MLE = maximum-likelihood estimate (as reported in Table 5); Firth = bias-reduced penalized-
likelihood estimate [49], implemented directly following the algorithm of Heinze and Schemper
[50] and cross-validated across three optimization methods. The Firth-corrected odds ratios are
shrunk toward the null relative to the MLE estimates, and the corresponding confidence intervals
are narrower (nearly halved for iVR classroom and iVR single-player, from a width of 126.8 to
65.45 odds-ratio units). In the Firth re-analysis, all five condition-versus-training-as-usual effects
remained statistically significant (all p < 0.04), and the rank ordering of effect sizes was unchanged.
This indicates that the H1 pattern is not solely an artifact of small-cell bias in standard maximum-
likelihood estimation. The Firth analysis does not address the non-randomized allocation, clustering,
age imbalance, unequal additional training exposure, or the absence of a direct equivalence test for
H2; those limitations remain as described in Sections 2.9 and 4.8.1. Because the omnibus model
and the condition-versus-training-as-usual coefficients do not provide a direct statistical comparison
between iVR classroom and iVR single-player, H2 is evaluated descriptively rather than as statistically
confirmed. Descriptively, H2 was supported: iVR classroom and iVR single-player showed identical
full-score rates (19/20 participants, 95% in each condition). This descriptive similarity should
not be interpreted as evidence of statistical equivalence, as no equivalence or non-inferiority test
was performed.

2.9. Threats to Validity

Five interrelated threats to internal validity should be considered when interpreting
the findings of this quasi-experimental field study. First, trainer and site effects: Eight
different trainers delivered the six conditions across three locations, and condition was not
crossed factorially with trainer or site. Consequently, trainer-specific facilitation style and
site-specific contextual factors are partially confounded with condition. To minimize these
differences, all trainers completed dedicated train-the-trainer sessions and refresher training
before data collection, although some residual variation in delivery cannot be excluded.

Second, participation was voluntary and uncompensated. The analytic sample there-
fore reflects trainees who chose to participate rather than a random sample of the target
population. Although this self-selection mechanism was identical across all six conditions,
it may have increased general motivation and willingness to engage with the training and
questionnaire, particularly for the technology acceptance measures.
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Third, condition allocation occurred at the level of the course run rather than the indi-
vidual participant and was not randomized. As a consequence, participant characteristics,
trainer, site, and course run are partly confounded with condition. The most important
example is the substantial descriptive age imbalance: participants in the training-as-usual
condition were, on average, approximately 16–20 years younger than participants in the
digitally enhanced conditions. Because age and condition are confounded in the present
dataset, it was not possible to determine analytically to what extent the observed differences
between conditions reflect the training formats themselves or pre-existing differences in
participant characteristics. Accordingly, comparisons between training-as-usual and the
digitally enhanced conditions should be interpreted with particular caution.

Fourth, participants were nested within 34 course runs and shared trainers and sites.
This clustered dependence could not be modeled statistically because the number and size
of clusters were insufficient to support stable multilevel estimation. Consequently, the
participant-level standard errors, confidence intervals, and significance tests may be overly
optimistic and should be interpreted cautiously.

Fifth, the digitally enhanced conditions received up to approximately one hour of sup-
plementary study-related training after the regular course, whereas training-as-usual did
not include an equivalent-duration active control activity. The comparison with training-as-
usual therefore combines differences in instructional format with differences in additional
training exposure and situated practice. Observed differences may consequently reflect
additional practice time, the digital or immersive characteristics of the interventions, their
instructional configuration, or a combination of these factors.

Taken together, these design characteristics limit the strength of the causal inferences
that can be drawn from the present study. Alternative explanations related to participant
characteristics, trainer effects, site differences, course run clustering, and unequal additional
training exposure cannot be excluded. The findings should therefore be interpreted as
associations observed under authentic field conditions that warrant confirmation in future
randomized or otherwise more tightly controlled studies.

3. Results
This section reports the empirical findings for the four hypotheses specified in

Section 1.5: H1 and H2 concern exam performance, and H3 and H4 concern technology
acceptance and practice-oriented ratings. Descriptive statistics, inferential test results, and
effect sizes are reported first; interpretation of these findings is reserved for the Discussion
Section. In total, N = 127 individuals across 34 SstA course runs voluntarily took part in
the study.

3.1. Participant Description

Sample composition by condition is summarized in Table 1 (see Section 2.3). Recruit-
ment followed a single-stage flow without a separate randomization or attrition step: all
trainees of a given course run who volunteered were assigned to the pre-determined condi-
tion for that run and completed the questionnaire once, immediately after training; so, no
participant flow diagram in the CONSORT sense (with randomization and follow-up loss)
applies to this quasi-experimental single-session design. No missing data were reported for
the primary exam performance outcome; sample sizes for the secondary TAM and practice
item outcomes are n = 127 for perceived usefulness and n = 126 for perceived ease of use,
behavioral intention to use, and all five practice-oriented items (one participant in the iVR
multi-player condition had entire practice item sections coded as zero and was recoded
as missing). In summary, the achieved sample (N = 127, six conditions, 20–23 participants
each) matched the a priori power calculation described in the Methods Section.
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3.2. Primary Outcome: Exam Performance (H1, H2)

As specified in Section 2.8, H1 and H2 were evaluated using the examination-
performance outcome. Figure 4 reports the absolute and relative frequencies of full versus
non-full scores per condition: 13/23 (56.5%) in training-as-usual, 20/23 (87%) in iVR
multi-player, 19/21 (90.5%) in iVR multi-player with RPC, 18/20 (90%) in desktop PC, and
19/20 (95%) in both iVR single-player and iVR classroom.

 

Figure 4. The percentage of participants with a full (blue) vs. non-full (red) score on the check-
list/approach distance exam item across conditions.

As specified in Section 2.8, the primary outcome was analyzed using binomial logistic
regression with training-as-usual as the reference condition. Because the model contained
condition as its only categorical predictor, the model-predicted probabilities correspond to
the observed proportions reported at the beginning of Section 3.2.

The overall model was significant, χ2(5) = 15.797, p = 0.007 (−2 Log-Likelihood = 91.397;
Cox & Snell R2 = 0.117; Nagelkerke R2 = 0.205). Table 5 reports the regression coefficients,
Wald statistics, odds ratios, and 95% confidence intervals (computed from the reported B and
SE as exp[B ± 1.96 × SE]) for each condition relative to training-as-usual. In practical terms,
an odds ratio of 14.62 (iVR classroom, iVR single-player) means that the odds of achieving
the full exam score were about 14.6 times higher in that condition than in training-as-usual,
corresponding to the increase from 56% to 95% full scores reported above; the smallest, though
still significant, increase was observed for iVR multi-player (OR = 5.13, corresponding to
56% vs. 87% full scores). The comparatively wide confidence intervals across conditions
primarily reflect the modest per-condition sample sizes (n = 20–23) rather than instability of
the observed effects.

In summary, participants in all five digital training conditions showed significantly
higher odds of achieving the full score on the safety-critical examination item than par-
ticipants in the training-as-usual condition. Within the present quasi-experimental field
sample, the observed odds ratios ranged from approximately 5 to 15. Because the study
was not randomized and condition assignment was partly confounded with participant
and training characteristics, these findings should be interpreted as observed associations
rather than isolated causal effects of the training formats.

Given the comparatively small per-condition sample sizes underlying Table 5 and
the resulting wide confidence intervals—most notably for iVR classroom and iVR single-
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player (OR = 14.62, 95% CI [1.66, 128.46])—a Firth [49] bias-reduced (penalized-likelihood)
logistic regression was fitted as a robustness check (see Table 6), following the iterative
score modification algorithm described by Heinze and Schemper [50]. This method corrects
for the small-sample bias that arises when cell counts are sparse; in this dataset, only
1 of 20 participants in each of the iVR classroom and iVR single-player conditions did
not achieve the full exam score, and the resulting events-per-parameter ratio (19 non-full-
score cases across 5 estimated condition effect parameters; EPP = 3.8) falls well below the
conventional minimum of 10 recommended by Peduzzi et al. [51]. Firth’s method does not
alter the model specification; it adds a Jeffreys-invariant prior penalty to the log-likelihood,
which shrinks estimates away from extreme values without discarding any data.

3.3. Technology Acceptance Results (H3–TAM Scales)

To evaluate H3, PU, PEOU, and BI were compared across the six training conditions
using the non-parametric procedure specified in Section 2.8. Kruskal–Wallis tests (KWTs)
showed significant overall differences between conditions for all three scales: perceived
usefulness, χ2(5) = 17.115, p = 0.004, η2_H = 0.10; perceived ease of use, χ2(5) = 22.137,
p < 0.001, η2_H = 0.14; and behavioral intention to use, χ2(5) = 14.169, p = 0.015,
η2_H = 0.08 (effect sizes calculated by the authors as η2_H = [H − k + 1]/[N − k], fol-
lowing [52], with k = 6 groups and N representing the number of observations included in
the respective analysis). Figure 5A–C show the descriptive pattern underlying these tests.

Figure 5. (A–C) Descriptive results of the significant Kruskal–Wallis tests for the TAM scales:
(A) perceived usefulness, (B) perceived ease of use, and (C) behavioral intention to use. * p < 0.05 after
Bonferroni correction.

Following Bonferroni correction for multiple pairwise comparisons, only a subset of
the 15 possible pairwise contrasts per scale remained significant; all p-values reported
for the post hoc pairwise comparisons are Bonferroni-adjusted and are evaluated against
a family-wise α = 0.05. Omnibus Kruskal–Wallis p-values are reported unadjusted. iVR
classroom vs. training-as-usual was the only pairwise contrast that remained significant
consistently across all three scales. Additional significant contrasts emerged on individ-
ual scales: for perceived ease of use, iVR multi-player with RPC vs. training-as-usual
(p = 0.015) and iVR multi-player vs. training-as-usual (p = 0.011) also reached significance;
for perceived usefulness, iVR classroom vs. iVR single-player (p = 0.040) also reached sig-
nificance. Descriptively, training-as-usual and desktop PC scored below the scale midpoint
of 4 on all three TAM scales, iVR single-player scored below the midpoint on two of three
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scales, and iVR multi-player, iVR multi-player with RPC, and iVR classroom scored above
the midpoint on all three scales (see Table 7).

Table 7. Overview of primary and secondary outcomes by training condition.

Condition N Full Exam Score,
n (%)

OR vs. TAU
[95% CI]

TAM Scales (PU/PEOU/BI) vs.
Scale Midpoint (4)

Training-as-usual (TAU) 23 13 (56.5%) (reference) Below midpoint on all three scales
iVR single-player 20 19 (95%) 14.62 [1.66, 128.46] Below midpoint on two of three scales

Desktop PC
(single-player) 20 18 (90%) 6.92 [1.29, 37.07] Below midpoint on all three scales

iVR multi-player 23 20 (87%) 5.13 [1.18, 22.27] Above midpoint on all three scales
iVR multi-player

with RPC 21 19 (90.5%) 7.31 [1.37, 38.97] Above midpoint on all three scales

iVR classroom 20 19 (95%) 14.62 [1.66, 128.46] Above midpoint on all three scales

Note. TAU = training-as-usual (reference/control condition); RPC = retrospective perspective change;
OR = odds ratio; CI = confidence interval; PU = perceived usefulness; PEOU = perceived ease of use;
BI = behavioral intention to use. Full exam score counts (n) are based on direct calculation from the
raw dataset. TAM-scale direction (below/above the scale midpoint of 4) is based on condition means
from the raw dataset.

In summary, technology acceptance differed significantly between conditions on all
three TAM scales, with small-to-medium effect sizes, and iVR classroom was the only
condition that differed significantly from training-as-usual on every scale after correction
for multiple comparisons. Accordingly, H3 was partially supported: technology acceptance
ratings differed significantly between conditions on all three TAM scales, but the predicted
general advantage of iVR conditions over both training-as-usual and desktop training was
not observed consistently across all pairwise comparisons.

3.4. Practice-Oriented Items (H4, Exploratory)

To examine H4, the five practice-oriented items listed in Table 4 were compared across
the six conditions using the non-parametric procedure specified in Section 2.8. Because
these items were developed specifically for the present project and are not psychometrically
validated instruments from the literature, the findings are interpreted as exploratory and
project-specific rather than confirmatory. Kruskal–Wallis tests showed significant differ-
ences between conditions for three of the five items: “compared to training without the
learning tool, I feel better prepared for practical work,” χ2(5) = 22.231, p < 0.001, η2_H = 0.14;
“. . .I feel safer prepared for practical work,” χ2(5) = 17.799, p = 0.003, η2_H = 0.11; and “the
hazards in the track area were made very clear to me by the learning tool,” χ2(5) = 18.488,
p = 0.002, η2_H = 0.11 (effect sizes calculated by the authors using the η2_H formula speci-
fied in Section 3.3). Figure 6A–C show the descriptive pattern underlying these tests.

As with the TAM scales, pairwise comparisons after Bonferroni correction identified
iVR classroom as the condition contributing most often to the significant omnibus tests,
most frequently in contrast to desktop PC and, less consistently, to training-as-usual.
Because these items were purpose-built for this project and have not been validated in prior
research, this pattern should be treated as a preliminary, hypothesis-generating finding
rather than confirmatory evidence.

In summary, three of the five exploratory practice-oriented items showed significant
differences between conditions, again most consistently favoring iVR classroom, but given
the non-validated nature of these items this pattern warrants cautious interpretation and
independent replication. Accordingly, H4 received partial exploratory support: significant
condition differences were observed for three of the five practice-oriented items, but the
predicted advantage of collaborative and instructor-facilitated formats was not consistently
observed across all items and pairwise comparisons.
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Figure 6. (A–C) Descriptive results of the significant Kruskal–Wallis tests for the SBB practice-
oriented items: (A) “better prepared for practical work,” (B) “safer prepared for practical work,” and
(C) “hazards made very clear.”. * p < 0.05 after Bonferroni correction.

3.5. Overview of Exam Performance and Technology Acceptance Outcomes

Table 7 summarizes the primary exam performance outcome and the descriptive
direction of the secondary technology acceptance outcomes across all six training conditions
to allow for direct comparison of the relative standing of each format.

Taken together, the primary and secondary outcomes show a broadly consistent de-
scriptive pattern across measures: iVR classroom and iVR single-player had the highest
proportions of full examination scores, while iVR classroom, iVR multi-player, and iVR
multi-player with RPC showed the most favorable technology acceptance profiles. Desktop
PC and training-as-usual tended to show less favorable patterns across these outcomes.
These comparisons are descriptive and should be interpreted in light of the non-randomized
allocation, age imbalance, clustering, and unequal additional training exposure described
in Section 2.9. The exploratory practice-oriented outcomes are reported separately in
Section 3.4 because these project-specific items were not validated measures and are there-
fore not included in this summary table.

4. Discussion
This study examined whether different digitally enhanced training formats were as-

sociated with differences in examination performance and technology acceptance within
an authentic occupational railway safety course. Across the present quasi-experimental
field sample, participants assigned to the five digital training conditions had higher odds
of achieving the full score on the safety-critical examination item than participants in
the training-as-usual condition. The observed pattern further suggested differences be-
tween instructional configurations, with descriptively similar examination outcomes for
the instructor-led iVR classroom and iVR single-player formats. Given the non-randomized
allocation and remaining confounding factors, these findings should be interpreted as
associations observed under authentic field conditions rather than as evidence of isolated
causal effects. The observed pattern is consistent with the interpretation that the effec-
tiveness of digital training add-ons in this occupational context may depend not only on
immersive technology itself but also on the way the technology is pedagogically imple-
mented. However, because several instructional and technological characteristics varied
simultaneously, the present study cannot determine the independent contribution of indi-
vidual design elements. To our knowledge, few occupational field studies have directly
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compared multiple instructional configurations of immersive VR within the same authentic
training program. The present comparative design therefore extends the existing literature
by enabling comparisons across several pedagogical configurations under otherwise similar
field conditions.

4.1. Interpretation of Primary Findings

Within an already experience-based, simulated training format, the observed pattern
suggests that pedagogical configuration may be an important contributor to learning
outcomes. Given the quasi-experimental, non-randomized allocation, the marked age
imbalance, and remaining confounding, however, the present data cannot isolate its causal
contribution. In addition, dependence introduced by course run, trainer, and site clustering
could not be modeled; the participant-level standard errors, confidence intervals, and
significance tests may therefore be somewhat optimistic. The pattern is consistent with the
possibility that instructional configuration matters within immersive training, but it should
not be interpreted as direct evidence of an isolated causal mechanism.

4.2. The iVR Classroom Format

The iVR classroom condition is arguably the most novel and practically significant
finding of this study. It combined the highest rate of full exam scores with consistently
favorable technology acceptance ratings and required markedly fewer HMD units and
less physical space than the multi-player formats, as only the instructor and, in pairs, the
participants themselves needed a headset while the remainder of the course observed
via projection. Several complementary mechanisms may explain why this comparatively
low-resource format performed as well as, or better than, the fully individualized iVR
single-player condition. First, instructor scaffolding: in iVR classroom the trainer remained
continuously present and active in the scenario, able to adapt pacing, repeat explanations,
and respond immediately to confusion—a facilitation role that is well documented to
support reflection and debriefing in simulation-based learning generally [29] and that was
structurally absent for participants working through the single-player scenario largely on
their own initiative. Second, collaborative reflection and observational learning: because the
wider course group observed the unfolding scenario on the projection screen, participants
who were not currently wearing an HMD could still engage in vicarious, observational
learning from peers’ successes and mistakes, consistent with evidence that observing others’
consequences shapes one’s own risk perception and safety behavior [53] and with peer-
mediated communication and feedback benefiting learning outcomes more broadly [28].
Third, social presence: the shared classroom moment—discussing the scenario together
both inside and outside the headset—plausibly increased participants’ sense of co-presence
with peers and instructor [22], which in turn may explain the elevated behavioral intention
observed for this condition, echoing our own prior observation that trainees who discuss
content outside the iVR space also want to do so within it [54]. Fourth, cognitive load: by
distributing the interaction burden between instructor and participants and reducing the
technical self-management required of any single trainee, iVR classroom may have lowered
extraneous cognitive load relative to the single-player conditions, in which participants had
to manage locomotion, object interaction, and task execution simultaneously and without
direct human guidance. Taken together, these mechanisms suggest that iVR classroom’s
advantage may lie less in the virtual environment itself and more in reproducing, inside
iVR, the well-established ingredients of effective classroom facilitation. If this interpre-
tation holds, the implications extend well beyond railway safety: any high-consequence
occupational domain that currently relies on costly one-headset-per-trainee deployments—
e.g., aviation, construction, or emergency response—may warrant testing instructor-led,
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shared-observation formats as a lower-hardware alternative to one-headset-per-trainee
deployments. This remains, however, an interpretation of a descriptive pattern rather than
a directly tested mechanism, and should be treated as a hypothesis for future confirmatory
research rather than an established causal claim.

4.3. Connection to CAMIL

We use the Cognitive–Affective Model of Immersive Learning (CAMIL; [15]) as the
primary theoretical framework for interpreting the observed findings while being explicit
about which aspects are supported by the present data and which remain speculative.
CAMIL predicts that immersion and interactivity elicit presence and agency, which in
turn drive the cognitive–affective mechanisms (interest, motivation, self-efficacy, cognitive
load) responsible for learning gains. Our finding that iVR single-player—high in indi-
vidual immersion and agency but low in social presence—and iVR classroom—lower in
individual immersion and agency but plausibly higher in social presence—showed de-
scriptively similar learning outcomes is consistent with the CAMIL’s premise that presence
is multidimensional and that different presence sub-types (physical, social, self-presence)
can compensate for one another in driving the model’s downstream cognitive–affective
constructs. This compensatory interpretation is plausible and consistent with the pattern of
results, but was not directly tested, as the present questionnaire did not administer the full
CAMIL construct battery to every condition (see Section 4.8.2, Measurement Limitations);
it should therefore be read as a data-consistent hypothesis rather than a confirmed mecha-
nism. What our data support directly is the observation that four iVR configurations using
identical hardware and largely comparable scenario content were associated with different
learning outcomes. This pattern is consistent with CAMIL’s proposition that medium and
instructional method should be considered jointly when designing immersive learning en-
vironments. However, because multiple instructional characteristics varied simultaneously,
the present study cannot determine which specific design component, or combination of
components, was responsible for the observed differences between conditions. Which
specific CAMIL construct (e.g., agency, presence, cognitive load, or their interaction) may
have contributed to the observed pattern cannot be determined from the present data and
therefore remains an important target for future process-oriented research.

4.4. Collaborative Learning

The theoretical basis for collaborative iVR training draws on Vygotsky’s [24] concept
of the zone of proximal development (ZPD), which holds that learners can accomplish
more with the guidance of a more competent instructor or in collaboration with peers than
they can independently, and on Kolb’s [25] experiential learning model, which identifies
guided reflection as a necessary step for converting concrete experience into abstract, trans-
ferable knowledge. Both perspectives predict that multi-player and classroom formats,
in which an instructor or peers are actively present during the experience, should out-
perform purely individual formats—particularly because expert feedback and debriefing
are considered essential facilitators of the reflective phase of experiential learning [29]
and because instructors can actively support task coordination and peer communication
in multi-player settings [28]. Our results only partially align with this prediction: iVR
classroom, which combines instructor presence with a collaborative, observational struc-
ture, performed among the best, consistent with ZPD-based expectations, whereas iVR
multi-player—arguably the most directly collaborative condition, in which all participants
share the same virtual space—showed the smallest improvement over training-as-usual.
One plausible explanation, consistent with collaborative-load theory [26] and with findings
that collaborative settings impose additional coordination and communication demands
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that can offset their pedagogical benefits, particularly for comparatively low-complexity
tasks [27], is that the checklist/approach distance task used in this study was too pro-
cedurally simple to benefit from full multi-player collaboration, whose advantages may
only emerge for more complex, multi-step tasks. This would suggest that collaborative
interaction does not uniformly compensate for reduced individual immersion, but does
so selectively—most clearly when collaboration is structured around a shared instructor-
led narrative (as in iVR classroom) rather than distributed peer-to-peer coordination (as
in iVR multi-player). This pattern is consistent with recent evidence that peer-to-peer
VR-supported learning in higher education benefits from structured facilitation rather
than unguided peer interaction [55]. For future collaborative VR training design, this
implies that the specific social architecture of a multi-player scenario—who leads, who
observes, and how feedback is distributed—may matter more than the mere presence of
other participants in the same virtual space.

4.5. Technology Acceptance and Sustainable Implementation

Beyond documenting differences in acceptance ratings across conditions, it is im-
portant to consider why technology acceptance matters for implementation. Within the
Technology Acceptance Model (TAM; [31]), perceived usefulness and perceived ease of
use are associated with behavioral intention and can therefore inform whether a train-
ing technology is likely to be acceptable for continued organizational use. In the present
sample, the iVR classroom condition combined favorable ratings of perceived usefulness,
perceived ease of use, and behavioral intention with a high proportion of full scores on the
safety-critical examination item. This pattern makes the format a relevant candidate for
further implementation research, particularly because it requires fewer HMDs than fully
individualized deployments. However, the present cross-sectional post-training assessment
cannot establish whether acceptance predicts sustained use at SBB, whether it mediates
longer-term training uptake, or whether the observed acceptance differences persist after
the novelty of the training experience has diminished. These questions require longitudinal
implementation studies.

4.6. Comparison with Previous Literature

Our single-player findings broadly align with the international literature on iVR
safety training in construction and related high-risk trades [56], which reports gains in
self-efficacy, risk perception, safety motivation and perceived usefulness relative to con-
ventional instruction [56,57], higher declarative learning and motivation [58], increased
safety behavior following iVR training [59], and gains in declarative and procedural learn-
ing and self-efficacy in confined-space rescue training [60] and in maritime deck safety
training [61]. Recent work-at-heights research has also extended this literature through
controlled protocols that explicitly assess practical skills, safety perception, and longer-term
transfer, although those protocol reports do not yet provide outcome evidence [62]. Our
technology acceptance results only partly replicate Özgen et al. [36], who found higher
perceived enjoyment and behavioral intention for iVR relative to paper-based training but
no differences in perceived usefulness or ease of use: in the present sample, perceived
usefulness and ease of use did differ significantly between conditions, which may reflect
the inclusion of multi-player and classroom formats absent from Özgen et al.’s single-
player comparison. Where the present study departs most clearly from prior work is
in its comparative scope: rather than confirming, once again, that iVR outperforms con-
ventional training in a single-format comparison, it directly contrasts five distinct digital
configurations against one another within the same real occupational curriculum and the
same assessment framework—allowing patterns across instructional configurations to be
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compared without reducing the study to a simple VR-versus-conventional contrast. This
comparative, format-contrasting design is, to our knowledge, rare in the occupational
safety training literature and represents the primary novel contribution of the present study
relative to prior single-format VR-versus-conventional comparisons.

4.7. Practical Implications

The practical implications of these findings extend beyond the specific SBB context
in which they were generated. Railway track safety training is one instance of a broader
category of high-risk occupational training—alongside domains such as construction,
aviation ground operations, confined-space rescue, and energy sector maintenance—in
which conventional training suffers from a comparable transfer problem [2] and in which
the checklist-style, procedurally defined safety task studied here (a fixed evacuation-time
and approach distance calculation) has direct analogs. Wherever such organizations face
similar constraints—limited training time, a need to demonstrate concrete return on a
technology investment, and a workforce with heterogeneous prior VR exposure—the iVR
classroom format in particular may offer a resource-efficient option for further evaluation:
it requires only one or two headsets per course rather than one per trainee, integrates
directly into existing instructor-led curricula without redesigning the entire course around
individual VR stations, and, in this study, showed examination performance and acceptance
ratings that were descriptively similar to, or more favorable than, those observed for
fully individualized iVR. We therefore frame the SstA checklist task studied here as one
illustrative example of a wider class of high-risk occupational training problems for which
this instructional configuration may generalize, pending confirmation in other domains.

4.8. Limitations

The limitations of this field experiment are organized into design limitations
(Section 4.8.1), measurement limitations (Section 4.8.2), and generalizability (Section 4.8.3),
each concluding with a corresponding recommendation for future research.

4.8.1. Design Limitations

Participants were not randomly allocated to conditions. Allocation was constrained
by room availability (e.g., iVR was not possible in the Neptun room in Bern, and the
multi-player condition in Olten required an additional room that was not always available)
and by the voluntary, uncompensated nature of participation, which meant the research
team did not know in advance how many participants would take part in a given course
and filled remaining conditions based on the running tally already collected. This non-
random allocation, together with the involvement of eight different trainers with varying
experience, confidence, and facilitation styles across conditions and locations (“Ost”/Zürich
vs. “Mitte”/Olten and Bern teams), means that condition and trainer/location effects are
partially confounded, and that trainer effects cannot be fully ruled out as an alternative
explanation for the observed differences between conditions—including the performance
advantage of iVR classroom, which was delivered by a similarly mixed set of trainers as
the other formats. This limits the causal interpretability of the present pattern of results,
consistent with the generally lower control over confounding variables typical of field
experiments relative to laboratory studies [40]. Future studies should employ randomized
allocation of participants to conditions across multiple sites and trainers, ideally with
trainers crossed factorially with conditions, to disentangle instructional-format effects from
trainer and location effects. Relatedly, several odds ratios in Table 5 had wide confidence
intervals due to small per-condition sample sizes and, in two conditions, only a single non-
full-score case; a Firth bias-reduced re-analysis (Table 6) confirmed that all condition effects
remained statistically significant and directionally consistent, but the precision of these
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estimates should still be interpreted with appropriate caution given the modest sample size.
Because the dependence introduced by course run, trainer, and site clustering could not be
modeled, the participant-level standard errors, confidence intervals, and significance tests
may be overly optimistic and should be interpreted cautiously.

4.8.2. Measurement Limitations

The primary performance outcome was a single, binary exam item (full vs. non-
full score on the checklist/approach distance question), which, while directly relevant
to SBB’s practical concern, does not capture broader declarative or procedural learning,
nor any transfer of behavior to actual trackside work following the course. This restricts
our conclusions to short-term exam performance and self-reported technology acceptance
rather than to demonstrated on-the-job safety behavior. Future studies should directly
measure the CAMIL-related constructs proposed as explanatory mechanisms (e.g., physical
and social presence, agency, cognitive load, and self-efficacy) in order to test whether
they statistically mediate condition differences, and should incorporate broader behavioral
or supervisor-rated measures of safety conduct at the workplace, ideally with a delayed
follow-up, to assess actual training transfer rather than immediate exam performance alone.

4.8.3. Generalizability

The sample was drawn exclusively from SBB SstA courses at three locations in the
German-speaking part of Switzerland, was predominantly male (113 of 127 participants),
and 38% of participants had prior VR experience, which may not represent the demo-
graphic or technological affinity profile of trainees in other occupational domains or coun-
tries. The findings are further specific to a single, procedurally simple safety task (the
checklist/approach distance item); as discussed in Section 4.4, the relative advantage of
collaborative formats may depend on task complexity [27], and it is unknown whether
the present pattern—particularly the strong performance of iVR classroom relative to iVR
multi-player—would replicate for more complex, multi-step procedural tasks. Future
research should test whether the present pattern of results, and particularly the relative
advantage of the iVR classroom format, replicates across multiple organizations, countries,
and occupational safety domains, and across tasks varying systematically in procedu-
ral complexity.

4.9. Future Research

Future research should test the present descriptive pattern in randomized, multi-site
designs in which condition assignment is independent of trainer and site and the number
of course run clusters is sufficient for multilevel modeling. Studies should balance or model
age and prior experience and include an active control matched for additional training
time. Broader learning, transfer, and workplace safety outcomes should be assessed beyond
the single examination item used here, ideally with delayed follow-up. Finally, direct
measurement of CAMIL-related constructs such as physical and social presence, agency,
cognitive load, and self-efficacy would allow the proposed instructional mechanisms to be
tested rather than inferred from outcome patterns.

5. Conclusions
Rather than showing simply that immersive virtual reality improves occupational

safety training, this study suggests that how iVR training is instructionally configured
may be an important consideration alongside technological immersion. Across six training
formats delivered within a real occupational curriculum, the collaborative, instructor-led,
low-resource iVR classroom format showed examination performance and acceptance
ratings that were descriptively similar to, or more favorable than, those observed for iVR
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single-player training, while the peer-to-peer iVR multi-player format showed a less favor-
able pattern on several outcomes. For occupational safety training, these findings motivate
further evaluation of shared, instructor-led iVR formats that require fewer headsets than
fully individualized deployments. Beyond railway safety, the results support shifting part
of the research focus from whether VR works toward which instructional configurations
are associated with favorable outcomes for a given task and workforce. These implica-
tions remain provisional because the present quasi-experimental design cannot isolate
causal effects of individual technological or instructional components; future randomized,
multi-site, and mechanism-focused research is needed to test them.
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