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Abstract
AI-assisted Extended Reality (XR) training is increasingly adopted in mission-critical domains, such as medical
education; however, prevailing evaluations rely on task performance metrics—error rates, procedural accuracy,
and completion times—that capture training products rather than the processes through which durable competence
develops. We argue that genuine learning in high-stress XR training cannot be fully assessed through performance
outcomes alone; it requires considering factors such as trust calibration, resilience, and explainability as interde-
pendent enabling conditions. Meaningful learning in this context involves trainees appropriately calibrating their
reliance on AI guidance, performing independently when that guidance is unavailable, and understanding why
an action is appropriate (not merely what to do). Grounded in an ongoing XR-based resuscitation team leader
training project, this position paper presents this reframing and outlines its implications for the evaluation of
AI-assisted XR training systems.
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Figure 1: Conceptual framework of enabling conditions for durable learning in AI-assisted XR training.

1. Introduction

In-hospital cardiac arrest requires rapid and coordinated decision-making under extreme time pressure.
During resuscitation, the team leader must prioritize interventions, interpret evolving clinical signals,
and maintain situational awareness while managing a high workload [1]. Effective leadership extends
beyond procedural accuracy to include decision ownership, coordination, and confidence under stress [2].
Training clinicians for this role remains a persistent challenge in medical education.

Extended Reality (XR) simulation is increasingly used to recreate the perceptual and temporal con-
straints of resuscitation scenarios [3, 4]. With the integration of artificial intelligence (AI) guidance,
these systems can structure attention, reduce cognitive burden, and improve immediate task perfor-
mance [5]. Compared to rule-based or static instructional systems, AI-driven guidance is adaptive and
context-sensitive, producing variable outputs rather than fixed instructions. As a result, trainees must
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interpret and evaluate guidance rather than simply following prescribed steps. By shaping attention and
decision-making through selective cues, AI guidance may improve immediate performance but reduce
opportunities for independent reasoning. These characteristics make trust calibration, resilience, and
explainability necessary conditions for effective learning under AI mediation. Although the enabling
conditions discussed in this paper may apply to automated guidance more broadly, they become espe-
cially critical in AI-assisted training, where guidance is adaptive and context-sensitive. However, this
introduces a structural tension: guidance that optimizes in-session performance may simultaneously
reduce opportunities for independent reasoning. In leadership training, where decision ownership is
itself a learning objective, this tension becomes central.

Current evaluations of AI-assisted XR training primarily emphasize task performance metrics, such as
procedural accuracy, error rates, and completion time [6, 3]. Although necessary, these metrics capture
training products rather than the processes through which durable competence develops. In learning
science, improvements in short-term performance do not necessarily indicate long-term retention,
transfer, or independent decision-making capacity under stress [7, 8]. For leadership training, the
question is therefore not only whether trainees perform correctly with AI support, but whether they
develop the ability to act appropriately when that support is absent or unreliable.

In mission-critical contexts, such as in-hospital resuscitation, three dimensions become particularly
salient: (1) trust calibration, which shapes epistemic alignment with AI guidance [9]; (2) resilience, which
preserves functional independence under system degradation [10]; and (3) embodied explainability,
which grounds reasoning in a perceptual context rather than abstract instructions [11, 12]. Together,
these dimensions describe the conditions under which trainees may internalize reasoning, retain agency,
and transfer skills to real-world practice.

In this position paper, grounded in an ongoing XR-based resuscitation team leader training project,
we ask the following question: “In XR-based resuscitation team leader training, how should AI guidance
be designed to support calibrated trust while preserving independent clinical judgment and leadership
agency under stress?” We argue that evaluating AI-assisted XR training requires reframing commonly
measured constructs—not as standalone endpoints, but as enabling conditions for durable learning.
While these enabling conditions are grounded in training contexts, they have direct implications for
how XR systems are used in real-world operational settings.

In mission-critical domains, such as resuscitation, practitioners rely on patterns of judgment, attention,
and reliance that are shaped during training. In this sense, training and operational XR augmentation
are sequentially coupled. If AI guidance during training induces overreliance or suppresses independent
reasoning, these patterns may carry over to real-world scenarios where XR systems provide real-time
support under uncertainty. Training design, therefore, functions as a prerequisite for operational
augmentation and conditions how practitioners interpret, trust, and act upon XR-mediated guidance in
practice.

2. Background: Evaluation Patterns in AI-Assisted XR Training

As AI-assisted XR training expands in high-stakes domains, especially in medical education, including
resuscitation and emergency care contexts [13, 14], systematic and umbrella reviews have evaluated
its effectiveness primarily through measurable outcomes, such as procedural accuracy, completion
time, knowledge gain, confidence, and satisfaction [6, 3, 4]. In resuscitation training, reported metrics
commonly include cardiopulmonary resuscitation (CPR) depth and rate compliance, protocol adherence,
and immediate performance scores, with comparatively limited attention to longitudinal retention
or transfer to practice [3]. These measures provide evidence of feasibility and skill acquisition, but
primarily capture in-session performance.

A complementary body of work examines user perceptions and trust in AI-guided systems. Studies
on embodiment and virtual agents demonstrate that visual form and social behavior influence perceived
trustworthiness, confidence, and social presence [11, 12]. In parallel, research on trust in automation
emphasizes calibrated reliance, warning that both over-reliance and under-reliance can degrade decision



quality [9, 10]. In many cases, however, trust is treated as an evaluative outcome variable rather than a
component of a broader learning process.

Across these strands of work, performance metrics, user perception, and trust are often examined as
distinct evaluative constructs. However, learning science distinguishes between short-term performance
gains and durable learning, including retention, transfer, and independent reasoning under variable
conditions [8, 7]. Improvements observed under continuous guidance do not necessarily indicate that
learners can perform independently when support is removed. For mission-critical leadership training,
where decision ownership and adaptive judgment are core competencies, this distinction becomes
especially consequential.

These patterns motivate reframing: rather than treating performance, trust, and perception as isolated
endpoints, AI-assisted XR training may need to be evaluated in terms of the conditions that enable
durable learning under stress.

3. Reframing AI-Assisted XR Training: Enabling Conditions for
Durable Learning

To resolve the tension between AI-supported performance and independent competence, we propose
reframing evaluation around enabling conditions that shape how learning unfolds under guidance. In
mission-critical XR training, three dimensions have become structurally central. First, trainees must
maintain appropriate epistemic alignment with AI outputs (trust calibration). Second, they must retain
functional independence when AI support is degraded or unavailable (resilience). Third, they must
ground their reasoning in perceptual context rather than rely solely on abstract instructions (embodied
explainability). These dimensions correspond to the cognitive, structural, and perceptual aspects of
learning under AI mediation. Together, they characterize the conditions that support durable learning.

3.1. Trust Calibration: Epistemic Alignment

Trust calibration refers to the alignment between a trainee’s reliance on AI guidance and the system’s
actual reliability [9, 10]. Over-reliance may lead to the uncritical acceptance of incorrect recommen-
dations, whereas under-reliance can increase monitoring demands and cognitive load. Through the
lens of Signal Detection Theory (SDT), trainees must distinguish genuine AI errors from valid guidance
while maintaining attention to concurrent task demands. In this framing, trust calibration is not an
outcome to maximize, but rather a condition that preserves active reasoning and decision ownership
during training.

3.2. Resilience: Functional Independence

Resilience concerns the trainee’s ability to act effectively when AI support degrades. In mission-
critical settings, systems inevitably encounter noise, uncertainty, or failure. If training occurs only
under continuous AI scaffolding, improvements in performance may reflect dependency rather than
competence. Designing for resilience involves intentionally creating moments in which guidance is
reduced or withdrawn, requiring trainees to exercise independent judgment. In this sense, resilience is
both a system property and a learning condition that supports the transfer to real-world practice.

3.3. Embodied Explainability: Perceptual Grounding

Effective training requires understanding why an action is appropriate, not only what to do. Traditional
transparency mechanisms, such as text overlays or alerts, may increase cognitive load under stress.
Embodied explainability instead leverages spatial cues, gaze direction, gestural guidance [15], and
environmental feedback to scaffold reasoning through perceptual channels [11, 12]. By situating
guidance within the trainee’s embodied interaction with the environment, explainability supports
reasoning that more closely resembles real clinical practice.



3.4. Interdependence of Enabling Conditions

These three conditions are interdependent. Calibrated trust without resilience may allow trainees
to detect AI errors but leave them unable to proceed independently. Resilience without perceptual
grounding may produce procedural compliance without reasoning. Explainability without appropriate
trust may lead to confusion regarding when to rely on guidance. Evaluating AI-assisted XR training
therefore involves examining how these dimensions jointly support retention, transfer, and independent
decision-making under stress.

Figure 1 illustrates this framework, depicting trust calibration, resilience, and embodied explainability
as interdependent dimensions that jointly enable durable learning under AI mediation.

4. Illustrative Case: Empirical Entry Point

As an empirical entry point, we are conducting an ongoing XR-based pediatric resuscitation team leader
study in collaboration with the Alberta Children’s Hospital. The study compares three visual agent
modalities—text-based prompts, an abstract visual agent, and a human-like embodied agent—while
holding vocal guidance constant. By examining how agent representation shapes perceived authority,
trust, workload, and learning experience, this work provides an empirical entry point for investigating
how AI guidance influences reliance and explainability in high-stress contexts. Although the study
does not directly operationalize all the enabling conditions proposed in this paper, it allows us to
examine how design choices in representation may shape trust calibration and embodied explainability,
informing future investigations of resilience and independent performance when guidance is degraded
or withdrawn.

5. Discussion and Conclusion

This study reframes the evaluation of AI-assisted XR training from isolated performance and perception
metrics toward enabling conditions for durable learning under stress. In mission-critical leadership
contexts, trust calibration, resilience, and embodied explainability are not independent objectives but
interdependent dimensions that shape whether trainees retain agency and transfer competence beyond
guided interactions.

This reframing also suggests concrete design implications. First, the visual representation of the
guiding agent may serve as a lever for trust calibration. In our ongoing study, we compare multiple
visual agent conditions to examine how the agent’s visual form shapes trust, acceptance, and preference.

Second, resilience may be supported through the guided withdrawal of AI scaffolding. A system
could initially provide full guidance and then progressively reduce support as the trainee demonstrates
competence, and reintroduce it when performance declines. This process, informed by real-time
indicators such as action timeliness or protocol adherence, allows the evaluation of whether trainees
maintain functional independence under reduced support.

Third, embodied explainability may be supported through the agent’s spatial and social behavior
(e.g., directing the gaze toward a relevant monitor or gesturing toward medication) rather than relying
on text overlays that can increase cognitive load under stress. Such spatial and social behaviors have
been shown to increase confidence and social presence in AR agent interactions [11].

This perspective carries several implications for the XR for Challenging Environments workshop
community. First, evaluation should extend beyond in-session accuracy, satisfaction, or trust scores
to examine retention, transfer, and independent decision-making under degraded or absent support.
Second, these enabling conditions must be co-designed rather than optimized in isolation: calibrated
trust without resilience risks dependency, resilience without perceptual grounding risks procedural
compliance without reasoning, and explainability without appropriate trust may destabilize reliance.
Finally, because high-stress environments vary substantially across domains, these conditions require
domain-specific validation and adaptation.



As AI-augmented XR training continues to expand across challenging environments, designing and
evaluating systems through the lens of enabling conditions may better support the development of
professionals who can act appropriately when guidance is incomplete, uncertain, or unavailable.
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