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Figure 1: Conceptual illustration of the two AI facilitator conditions examined in this study. Both conditions operate within
the same XR training environment and differ only in how the AI allocates initiative. In the Proactive AI + XR condition (left),
the AI monitors learner progress and offers guidance when it detects potential difficulty. In the Reactive AI + XR condition
(right), the AI remains silent until the learner explicitly requests support.



ABSTRACT
As AI support tools become more common in immersive medical
training, designers face a critical interaction-design question: When
should an AI facilitator take initiative, and when should it wait for
the learner? To investigate this design tension, we compared two
versions of an AI facilitator in a mixed-reality (XR) lumbar punc-
ture simulator training conditions: one in which the AI proactively
initiated guidance and encouragement, and another in which the AI
responded only when prompted. Using a mixed-methods approach,
we examined how medical students (n=22) engaged with, inter-
preted, and reacted to these two facilitation styles. We found no
significant differences in learning outcomes, interaction frequency,
or overall experience ratings. However, interviews and behavioral
analyses revealed nuanced differences in how learners perceived AI
interventions across distinct task phases. AI-initiated support was
seen as helpful in some moments and disruptive in others, depend-
ing on task phase, cognitive load, and personal preferences. Based
on these findings, we contribute a boundary framework which of-
fers actionable design guidance for calibrating AI proactivity in
immersive training systems, and extends HCI research on proactive
agents and human–AI collaboration within high-cognitive-load
environments.
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1 INTRODUCTION
Simulation is widely used in medical education to help learners
practice procedures like lumbar puncture in safe, controlled envi-
ronments [22, 25, 92]. High-quality facilitation is a critical factor to
simulation success. In medical contexts, facilitators guide technical
steps, correct errors, and help learners interpret cues and outcomes
as they perform [37, 65]. However, as simulation programs grow,
the reliance on trained facilitators creates a persistent bottleneck:
access becomes limited, feedback inconsistent, and sessions difficult
to scale [100, 104].

Mixed Reality (MR) technologies are increasingly used to en-
hance medical simulation by layering virtual content onto physical
tools and manikins [91, 92]. These immersive environments can
help standardize training, support self-paced learning, and reduce
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reliance on fully staffed simulation rooms [24, 47]. However, MR
alone does not meet the need for instructional guidance. Without
real-time support or feedback, learners may develop misconcep-
tions, miss critical steps, or struggle to interpret complex procedural
cues, especially in simulations involving tactile skill execution [4].

To address the shortage of expert facilitators in medical simula-
tion, researchers and designers have increasingly explored the use
of AI to deliver procedural guidance, feedback, and encouragement
during training [24, 111]. Prior work comparing AI-enhanced XR
systems with XR alone consistently demonstrates that integrat-
ing AI improves learning outcomes, efficiency, and engagement
by providing more personalized, responsive, and scalable support
[27, 33, 93, 103]. As these systems become more capable, a key
emerging challenge is determining how AI facilitators should be-
have during simulation [28]. Should the AI wait for learners to request
help, or proactively step in with hints, check-ins, or encouragement?
AI-initiated support can keep learners on track and reduce con-
fusion [7, 36], yet in immersive simulations—where learners are
physically engaged and cognitively absorbed—unsolicited inter-
ventions may feel intrusive or reduce learner agency [2]. These
tensions foreground a broader design question: when AI is embed-
ded in simulation systems, how much initiative should it take? While
intelligent tutoring systems have examined related issues of initia-
tive and timing [34, 44, 98, 107], little is known about how these
dynamics unfold in medical simulation training conducted within
embodied, immersive environments.

To explore this design tension, we developed an immersive simu-
lation that supports procedural training with an embedded AI facili-
tator. We implemented two contrasting strategies: one in which the
AI offers help proactively, and another in which it only responds
to learner prompts. This comparison enabled us to examine how
the timing and initiative of AI support impact learners’ experi-
ence, behavior, and perceived effectiveness in medical simulations
conducted within immersive environments.

Guided by this comparison, we asked the following research
questions:

• RQ1: How does the AI facilitator’s mode of support affect
learners’ experience and perceived learning outcomes in
immersive medical simulation?

• RQ2: How do learners interact differently with AI that pro-
vides proactive support versus AI that responds only when
prompted?

• RQ3:What design opportunities and boundaries emerge for
implementing AI-guided support in immersive simulation-
based training?

Through this study, we contribute empirical insights and design
implications for AI-facilitated immersive simulation. Our work ad-
vances HCI research on AI proactivity by examining how AI should
interact with users in embodied, spatial, and high-stakes proce-
dural contexts. Specifically, (1) We examine how an AI facilitator
should behave once integrated into an XR procedural training en-
vironment—a question not addressed in prior work that primarily
contrasts AI-supported XR with XR-only systems. Through a con-
trolled study comparing proactive and reactive AI facilitation, we
move beyond the question of “Does AI help?” toward understand-
ing how initiative, timing, and situational relevance shape learner
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experience in embodied, hands-on tasks; (2) We contribute a mixed-
methods analysis, including behavioral video coding, quantitative
measures, stimulated recall interviews, and learner–AI interaction
journeys, to reveal how AI interventions are interpreted differently
across the phases of a procedural workflow; And (3) We propose a
boundary framework of Initiative, Temporal, and Situational Bound-
aries, mapped to four key moments in immersive learning. This
framework synthesizes insights from the proactive AI literature
with the unique demands of XR procedural training and offers ac-
tionable design guidance for calibrating AI proactivity to support
learners without disrupting autonomy or task flow.

2 RELATEDWORK
2.1 Facilitators in Medical Training
Medical training is a complex and high-stakes learning process
that requires learners to master both cognitive knowledge and
hands-on procedural skills [88]. Unlike traditional classroom edu-
cation, medical training frequently incorporates simulation-based
practice as a bridge between theoretical instruction and real-world
patient care to enable learners to engage in experiential learning
without endangering patients [24, 78]. These simulations replicate
authentic clinical environments and offer opportunities to prac-
tice diagnostic, surgical, and emergency response skills within a
structured and safe setting that reinforces the development of con-
textual competence [3]. Research suggests that simulation-based
training contributes to increased procedural accuracy, enhanced
clinical reasoning, and greater readiness for independent care de-
livery [24, 79, 84]. However, simulation-based training introduces
several challenges. Learners often face difficulty navigating unfa-
miliar equipment or procedural steps, especially under stressful
or high-pressure conditions, which can inhibit performance and
learning outcomes [90]. Without the presence of real-time guidance
or timely feedback, trainees may fail to recognize critical errors
or reinforce correct behaviors, which limits their confidence and
self-efficacy during independent clinical tasks [11].

To address the limitations of traditional, passive learning ap-
proaches, many training systems now incorporate facilitators who
guide learners through complex procedures, offer clarification, and
provide motivational support [64, 95]. In the context of medical
training, such facilitators play a crucial role in supporting learners’
progression across canonical and contextual layers of competence
[88, 97]. By intervening during key moments, correcting miscon-
ceptions, and reinforcing correct techniques, facilitators reduce
learners’ cognitive load and emotional stress during clinical tasks
[26, 86]. However, facilitator-led training faces practical and scala-
bility challenges. Human facilitators may not be consistently avail-
able, especially when training large cohorts or integrating advanced
immersive modalities such as virtual or mixed reality, which re-
quire additional supervision resources [15, 50]. Conversely, digital
facilitators often depend on rigid, pre-scripted interactions, which
can fall short of responding to learners’ unique prior knowledge,
emotional states, or evolving needs during practice [41, 46]. This
highlights the need for more adaptive facilitator systems that can
respond in real time to individual learner behaviors and situational
demands.

2.2 How AI Amplifies XR Training: Insights
From Prior Literature

To address the limitations of time-constrained human supervision
in medical simulation, recent innovations have turned toward AI
facilitators that offer scalable, responsive support during procedural
training [23, 99, 106]. We use the term AI facilitators broadly to in-
clude intelligent tutoring systems, adaptive pedagogical agents, and
agent-based guidance mechanisms—systems that algorithmically
interpret learner behavior and deliver tailored instructional sup-
port. These agents leverage capabilities such as behavior tracking,
natural language understanding, and adaptive feedback to respond
dynamically to learners’ actions in real time [39, 67, 101]. Rather
than relying on static, one-size-fits-all prompts, AI agents can use
multimodal cues such as gaze, hesitation, or interaction speed to
identify when learners are struggling and intervene with adaptive,
context-sensitive feedback [21]. This enables consistent instruc-
tional support across diverse training scenarios, even in the absence
of a human instructor [16, 89]. Such systems have shown promise in
domains such as intelligent tutoring and language learning, where
responsiveness and personalization enhance learning outcomes
[44, 61]. In medical education—where procedural accuracy and tim-
ing are critical—AI agents offer a compelling mechanism for guiding
learners through complex workflows while reducing the burden on
faculty resources [23].

The integration of extended reality (XR) platforms further ampli-
fies the effectiveness of these AI facilitators by situating themwithin
immersive, spatial learning environments [108]. Unlike traditional
interfaces, XR allows AI agents to share the same three-dimensional
workspace as learners [102]. This shared spatial context enables
fine-grained inference of learner intent from gaze, hand motion,
and tool usage [53], allowing AI facilitators to provide visual over-
lays, spatial audio, or gestural cues directly within the learner’s
field of view [8]. These modalities are especially valuable in medi-
cal training, where timely, well-situated feedback is essential [76].
Such embodied feedback channels align with the long-standing
strengths of intelligent tutoring and pedagogical agent systems, but
extend them into immersive, real-time spatial contexts. Thus, AI
and XR together form a powerful foundation for learner support: AI
provides adaptivity and intelligence, while XR provides embodied,
contextualized interaction channels.

Given this complementary relationship, a growing body of re-
search has directly compared XR-only systems with XR enhanced
by intelligent tutoring or agent-based guidance. Across domains,
these studies consistently show that adding AI-driven facilitation
(e.g., adaptive intelligent tutoring, embodied agents, or intelligent
AR guidance) to XR yields measurable improvements in learning
outcomes, task performance, and learner engagement [103]. In an
adaptive AR intelligent tutoring system for geometry learning, stu-
dents using the intelligent agent (which adjusted task difficulty
based on prior performance) achieved significantly higher learning
gains than those using the same AR interface without the tutoring
component (7.47 vs 6.83) [93]. Similarly, in AR-based motherboard
assembly training, adding an intelligent tutoring module that deliv-
ered adaptive hints led to a 25% improvement in test scores and a
30% increase in task efficiency compared to an AR-only condition
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[103]. Comparable findings emerge in virtual reality learning envi-
ronments. Studies of VR pedagogical agents show that adding an
embodied agent who provides explanations, motivational support,
and context-sensitive feedback significantly improves learners’ en-
gagement and performance relative to VR-only conditions with
static instructions [33]. More recent work in industrial assembly
tasks demonstrates that “intelligent AR” systems featuring scene
understanding, automatic instruction triggering, and adaptive next-
step guidance enable unskilled workers to complete tasks more
quickly (35%) and more accurately (43%) than when using identical
AR hardware without the intelligent components [27]. Collectively,
these findings demonstrate that XR paired with intelligent facilita-
tion reliably outperforms XR alone.

2.3 Proactive AI Research in HCI
Across HCI, proactive agents are defined by their ability to antic-
ipate user needs and initiate actions without explicit prompting
[6, 18, 19, 56, 58]. Rather than waiting for commands, proactive
systems infer intentions, detect breakdowns, and intervene at op-
portune moments to support task performance [52, 54]. They can
identify hesitation, tool misplacement, or missed procedural steps
and provide timely guidance without requiring user prompts [6, 49].
For example, a system takes initiative by modeling user state and
stepping in before breakdowns occur, demonstrating how proactive
intervention can increase efficiency and accuracy in interactive
tasks [6]. In collaborative or educational settings, proactive agents
have been shown to improve usability, task efficiency, and trust by
offering context-sensitive guidance at key moments [13, 58, 110]. In
contrast, passive agents take a nonintrusive approach, helping users
maintain focus without interrupting task flow. For instance, prior
work finds that passive AI was preferred in collaborative meetings
because it supported reflection while preserving conversational
rhythm [14]. These differing strategies highlight a longstanding
tension in HCI: systems must balance initiative with the risk of
interrupting or overriding user autonomy.

Recent AI systems highlight both the benefits and risks of AI
proactivity aiming for tasks across different domains, such as health
care [74, 81, 105], navigation [70], and laboratory education [82].
In software development, proactive programming assistants such
as CodingGenie demonstrate that AI-initiated suggestions can sig-
nificantly improve developer efficiency, though poorly timed inter-
ventions may disrupt workflow unless accompanied by presence
indicators or contextual cues [109]. Additional studies on proactive
programming support report similar patterns: proactive assistance
increases efficiency but can introduce workflow interruptions when
triggers are mistimed, underscoring the need for context-awareness
in suggestion delivery [13, 73]. Proactive conversational agents
have been shown to improve usability, trust, and goal achievement
through inner-state reasoning [57], intention-based recommenda-
tion [55], and multimodal interaction modeling [13, 94], but em-
phasizing that initiative must be delivered at moments that align
with user state and situational demands. Work in proactive digital
companions further demonstrates reduced task load and increased
satisfaction when initiative is aligned with user activity and at-
tentional state [72]. In the robotic field, timely assistance can be
helpful, but if an AI interrupts too often or at the wrong moment,

it may frustrate learners or make them feel micromanaged [48].
Similar benefits appear in wellbeing support, where proactive voice
assistants such as WorkFit facilitate healthier work habits through
anticipatory nudges [1]. These systems, along with frameworks
such as Proactive Agent [59] and surveys on proactive AI [18], col-
lectively demonstrate that well-timed initiative can enhance task
flow, reduce cognitive load, and improve satisfaction, but only when
calibrated to user context, autonomy, and attentional state.

While proactive AI has been widely explored in screen-based and
dialog-driven systems, mixed reality (XR) procedural training intro-
duces interactional challenges that existing frameworks do not fully
address. In XR, users are engaged in embodied, spatially distributed,
and sequential workflows that require continuous coordination of
gaze, posture, hand movement, and tool manipulation [51]. This
creates a need to carefully balance the level of initiative the AI
takes with the learner’s sense of autonomy and control [45, 66].
Most XR assistance today remains passive because defining user
intention is difficult [54]. One challenge is that understanding user
intention relies not only on explicit cues (e.g., verbal statements
or signals) but also, significantly, on implicit non-verbal cues and
body postures [43]. Successfully decomposing and reasoning with
implicit cues improves the chances of intention labeling. Recent
proactive AR systems demonstrate the promise and complexity of
bringing initiative-taking AI into these environments.

For example, YETI enables AR agents to detect context changes
throughmultimodal signals and proactively intervene during hands-
on tasks, outperforming reactive baselines in timeliness and sup-
port effectiveness [6]. Similarly, Sensible Agent reduces cognitive
load by adapting what to suggest and how to deliver it through
context-aware visual, audio, or gestural cues, offering proactive help
without compromising social unobtrusiveness [52]. Satori further
advances proactive AR by using belief–desire–intention modeling
and multimodal LLMs to anticipate user goals and provide expert-
level guidance across everyday manipulation tasks [54]. Beyond
AR, research in virtual learning environments shows that proactive
features can increase motivation and engagement but must be care-
fully calibrated to avoid disrupting immersion or autonomy [71].

Together, these findings suggest proactive AI benefits are highly
context dependent and must be carefully calibrated to avoid dis-
ruption while preserving learner autonomy [45]. This sensitivity
highlights the need for principled design guidance for how proac-
tive AI should behave within the XR environment. Thus, we aim
to propose a framework of three design boundaries mapped across
four key training moments, providing actionable guidance for cali-
brating AI proactivity in the XR environment.

3 METHOD
3.1 System Overview
Lumbar puncture (LP) is a common but technically demanding pro-
cedure used to collect cerebrospinal fluid (CSF) for diagnostic and
therapeutic purposes. We selected LP because it captures key chal-
lenges common to many procedural skills in medical training. It is
a high-stakes procedure where mistakes can lead to serious patient
harm, and learners have few opportunities for supervised practice
[96]. The task requires fine-grained spatial judgment, adherence
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to stepwise protocols, and timely corrective feedback—conditions
that are often difficult to achieve with limited faculty availability
and manikin-based training. These characteristics make lumbar
puncture a representative case for examining how immersive AI
systems can extend to other procedural domains with similar train-
ing constraints.

To support immersive lumbar puncture training, we developed a
mixed reality (MR) system using the Apple Vision Pro headset that
layered spatial guidance and AI support onto a real-world proce-
dural environment. Medical trainees wore the headset to interact
with a physical lumbar puncture manikin and a real instrument tray,
which enables authentic hands-on engagement. The MR system
displayed a transparent 3D spine model aligned with the manikin,
along with visual cues, step indicators, and AI messages that re-
sponded to trainee actions. Using the Apple Vision Pro’s built-in
sensors, learners controlled the interface through natural gaze and
hand gestures. This allowed them to perform physical tasks while
seamlessly receiving digital support embedded in their field of view.

The system used the Apple Vision Pro’s built-in eye tracking to
monitor where learners focused their attention and hand tracking
to detect when they approached the correct location for key proce-
dural steps. For example, when a learner scanned the mannequin’s
lower back and moved their hand toward the appropriate palpation
region, the system confirmed successful targeting. It triggered a
short 3D animation overlay to reinforce the action.

The lumbar puncture tutorial is structured into eight sequential
steps. Each step presents training materials in multiple formats,
including text, voiceover, and 3D animation. Learners use a control
panel to navigate between steps and access the instructional content.
After reviewing the material, they can immediately practice the
corresponding procedure on the manikin with real instruments
while keeping the headset on. Once they feel comfortable with a
given step, they can advance to the next stage of the tutorial.

To enhance this training experience, we designed two distinct
AI Facilitators that varied in their level of initiative: a Proactive
AI Facilitator and a Reactive AI Facilitator. These two modes rep-
resented contrasting approaches to AI engagement, allowing us
to explore how differences in timing, learner autonomy, and AI-
initiated guidance influence the overall learning experience in pro-
cedural simulation. Both AI modes were powered by a Gemini Flash
language model, which generated context-aware responses based
on real-time learner progress. Speech-to-text input was processed
locally on the Apple Vision Pro for real-time responsiveness, while
AI responses were synthesized using a server-side text-to-speech
engine and streamed back to the headset with minimal delay.

3.1.1 Reactive AI Facilitator. The Reactive AI Facilitator provided
support only when learners actively requested it. Instead of offer-
ing unsolicited help, the facilitator remained in the background,
allowing participants to stay focused on the procedure. Learners
could either tap the microphone icon to ask a question aloud or type
their question into the right-side panel integrated into the mixed
reality interface. In response, the AI offered guidance related to the
learner’s current task, such as explanations, tips, or step-by-step
suggestions. These responses were presented in a clear and focused
manner, often accompanied by visual cues to help learners follow
along. This setup gave learners full control over when and how

to engage with the AI, allowing them to receive help at their own
pace without interrupting the flow of their training.

3.1.2 Proactive AI Facilitator. The Proactive AI Facilitator was
designed to mirror the behavior of a mindful instructor who ob-
serves learner performance and offers timely guidance without
being asked. Rather than waiting for explicit questions, this version
continuously observed learners as they progressed through the
lumbar puncture procedure. It used data such as how long learners
spent on each step, where they looked, and whether their hands
approached the correct location to decide when to intervene with
support, reminders, or encouragement.

To ensure the AI remained helpful while respecting learner in-
dependence, we selected three types of behavioral triggers that
shaped its timing and responses. Our selection of the three proac-
tive behaviors—check-ins, reminders, and encouragement—was
grounded in a combination of empirical observation, expert con-
sultation, and evidence from prior literature. First, we analyzed
several clinical lumbar puncture training sessions and noted that
human facilitators consistently supported learners in three ways:
re-engaging them when they hesitated, preventing them from skip-
ping essential steps, and offering brief motivational comments to
maintain confidence. These patterns shaped the initial feature set.
Second, we held design discussions with clinical facilitators, who
helped us identify which behaviors were both pedagogically valu-
able and technically feasible in an MR environment. Third, our
review of work on mixed-initiative tutoring and coaching systems
showed that similar forms of proactive assistance have been shown
to benefit learners without undermining autonomy.

(1) Check-in – Extended time on a step. One important role
of AI facilitators is to help learners re-engage when they
show signs of hesitation or difficulty. Prior work shows that
timely interventions can sustain engagement and help learn-
ers reorient when they struggle [5, 30, 32, 38, 60, 62, 68, 83].
Building on this insight, our system provided a gentle check-
in when a learner spent more time than expected on a task,
such as locating anatomical landmarks or inserting the nee-
dle. For example, the AI might say, “It seems you’ve been at
this step for a while, so let’s break it down.”

(2) Reminder - Quick progression through a step.AI facilita-
tors are also effective when they prevent learners from rush-
ing through important steps. Studies in education, healthcare,
and training emphasize that reminders can help learners slow
down and attend to details that might otherwise be over-
looked [32, 38, 60, 62, 68, 83]. In line with this, our system
issued a reminder when a learner rushed through an action
such as checking positioning or injecting an anesthetic. An
example would be, “Are you sure you have practiced enough
to continue?”

(3) Encouragement - Completion on a step. Beyond correc-
tions, AI facilitators can play a motivational role by recog-
nizing progress and reinforcing confidence. Research shows
that brief, positive acknowledgments can enhance motiva-
tion and improve learning outcomes [12, 32, 38, 60, 62, 68].
Following this principle, our system provided short encour-
agement when a learner completed a step within a healthy
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Figure 2: (a) participant interacting with real-world tools and manikin using the Apple Vision Pro headset, (b) 3D animation
overlay guiding step-by-step spinal landmark identification, and (c) AI facilitator providing context-aware responses during
the simulation.

Figure 3: Conversation samples: three core features of proactive AI facilitator

time window, such as “Keep up the fantastic work, you’re
doing great!”

To identify these moments, we explored timing thresholds for
each step in the procedure rather than setting them as a rigid rubric.
These values were informed by pilot study observations and refined
with feedback from Neurology Residents to capture patterns of
hesitation, rushed behavior, and productive pacing. As shown in
Table 1, the ranges provide a working reference for when the AI
might offer a check-in, reminder, or encouragement. They represent
a developmental stage of the system, allowing us to investigate how
proactive facilitation can shape learning dynamics, rather than a
finalized set of evaluation criteria.

3.2 User Study
To investigate how different levels of AI initiative influence learn-
ing experiences in immersive procedural training, we conducted
a between-subjects study comparing two distinct AI conditions.
Our primary goal was to understand how these AI designs shaped
learner behavior, perceptions of support, and perceived boundaries
of appropriate AI involvement over the course of the training expe-
rience.

3.2.1 Participants. Twenty-two medical students participated in
the study. The majority were first-year students (n = 20), with 2
participants in their third year. All participants were enrolled in
medical training programs and had completed coursework related
to human anatomy. However, none had prior experience perform-
ing a lumbar puncture or using the extended reality training system.
To ensure balanced exposure to the AI designs, participants were
randomly assigned to one of the two experimental conditions: the

Proactive AI Facilitator group (G1: n = 11) or the Reactive AI Facili-
tator group (G2: n = 11).

3.2.2 Study Procedure. Each session lasted approximately 1 hour
and 30 minutes and took place in a dedicated extended reality (XR)
training lab. All participants were recruited voluntarily through
an IRB-approved flyer and provided informed consent before the
session. To capture learner behavior and interaction dynamics,
each session was recorded from two perspectives: an external third-
person view using a GoPro camera and a first-person view using
the Apple Vision Pro headset. This dual recording setup enabled
a comprehensive analysis of gaze direction, physical actions, and
real-time engagement with the AI support.

The session began with a 15-minute orientation phase where par-
ticipants signed the consent form and completed a pre-survey. They
were then introduced to the Vision Pro headset and practiced using
its core features, including gaze-based selection, gesture control,
and spatial overlays. After receiving a standardized explanation
of the lumbar puncture procedure, participants began the 20–25
minute training session with either the Proactive AI Facilitator or
the Reactive AI Facilitator, based on their assigned group.

Following the training, participants had 15 minutes to perform
the same procedure without the headset and without AI support.
Afterward, they completed a short post-survey and took part in a
30-minute stimulated recall interview. During the interview, partic-
ipants viewed short video clips from their session—captured from
both the GoPro and Vision Pro—and reflected on key AI interaction
moments. They rated each instance on helpfulness, timing, and
whether the AI felt supportive or disruptive.
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Figure 4: Participant photo in the user study: learning phase (wearing the headset) vs. practical test (not wearing the headset)

Figure 5: Study procedure flow chart

3.3 Data Collection and Analysis
3.3.1 Quantitative Analysis. To examine the impact of the AI fa-
cilitators on learner outcomes in the lumbar puncture training, we
collected multiple forms of quantitative data across the study.

Data Collection. At the start of each session, participants com-
pleted a pre-training survey designed to establish baseline attitudes
and confidence toward AI-facilitated procedural instruction. This
survey included an AI Trust scale [17] to measure willingness to
rely on AI guidance, a Self-Efficacy scale[85] to capture perceived
ability to perform the lumbar puncture, and an expert-developed
procedural knowledge quiz that tested foundational understanding
of the lumbar puncture procedure, including anatomical landmarks,
required equipment, and step order.

After training, participants completed a structured performance
assessment in which medical educators used a rubric specifically
tailored to the lumbar puncture procedure. This rubric evaluated
whether participants completed all of the required steps, such as
identifying the correct intervertebral space and inserting the needle
correctly; whether the steps were performed in the proper sequence;
whether the participant successfully collected cerebrospinal fluid
(CSF) into the tube; and whether the CSF was produced using an
appropriate technique. This expert-graded assessment provided
a structured and objective evaluation of procedural accuracy and
skill application beyond self-report.

Following this assessment, participants completed a post-training
survey that included the procedural knowledge quiz again, along
with the Self-Efficacy scale [85] to evaluate gains in knowledge

and confidence. The post-survey also incorporated validated instru-
ments to assess the quality of the learning experience. The User En-
gagement Scale[69] focused attention subscale measured sustained
cognitive involvement during the procedure. The Intrinsic Motiva-
tion Inventory subscales [63] for relatedness and pressure/tension
captured perceived social connection with the AI facilitator and
the level of stress experienced under its guidance. Two workload
dimensions from the NASA-TLX[35], temporal demand and frus-
tration, were included to evaluate cognitive load and emotional
strain during the lumbar puncture. In addition, participants rated
the perceived usefulness of the AI support. For those assigned to the
proactive facilitator, the survey also asked whether the timing of its
interventions matched their learning pace. These measures created
a comprehensive profile of how the AI facilitators influenced skill
acquisition, cognitive workload, and learner perceptions within the
context of lumbar puncture training.

Data Analysis.We conducted Welch’s independent samples t-
tests to compare baseline and outcome differences across conditions
for all continuous measures, including procedural knowledge gains,
self-efficacy change scores, user engagement, workload, interac-
tion counts, and perceived usefulness. We first assessed normality
using visual inspection (histograms and Q–Q plots), and no sub-
stantial violations were observed, so non-parametric tests were
not required. All analyses used two-tailed significance thresholds
at 𝛼 = .05. To support interpretation of practical magnitude, we
calculated Cohen’s d effect sizes for each test. Table 1 reports group
means, standard deviations, t-statistics, p-values, and effect sizes for
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each comparison between the proactive and reactive AI facilitator
conditions.

3.3.2 Qualitative Analysis. To complement the quantitative find-
ings, we conducted an in-depth qualitative analysis that drew on
two sources: behavioral video coding and thematic coding of stim-
ulated recall interviews. This approach allowed us to capture both
observable patterns in learner behavior and participants’ reflective
accounts of their experiences with the AI facilitators during lumbar
puncture training.

Behavior Coding. Our behavioral coding process was guided
by the methodological principles of Interaction Analysis, which
emphasize repeated video review, collaborative calibration, and
grounding analytic claims in observable evidence [42]. Following
these guidelines, the two authors jointly reviewed the first and
third training sessions to produce content logs and analytic memos
that captured both facilitator–learner conversations and the learner
actions that occurred in response. This initial review supported the
development of a coding scheme that classified facilitator messages
into four categories: welcome or encouragement, check-in guidance,
reminder prompts, and learner-initiated questions.

The two authors then independently applied this scheme to the
reviewed sessions andmet to compare results, refine category defini-
tions, and resolve discrepancies through discussion. Once consensus
was established, they independently coded the remaining sessions.
For each exchange, the coders documented whether the message
was initiated by the facilitator or triggered by a learner request, and
they recorded how the learner responded, noting whether the guid-
ance was followed, ignored, or verbally acknowledged. When the
interaction was initiated by the learner, their question was further
classified as either procedural (e.g., “Do I need to insert the needle
any further?”) or knowledge-based (e.g., “Will the needle size cause
any damage to the ligaments?”). After completing independent cod-
ing, the authors met again to consolidate the dataset and ensure
consistency across sessions. This systematic process, grounded in
the guidelines of Interaction Analysis, allowed us to generate a
reproducible account of facilitator–learner interactions that linked
AI messages to learner actions within the lumbar puncture training.

Interview coding. Our interview analysis followed Braun and
Clarke’s thematic analysis framework, which provides a systematic
six-phase process for identifying and refining patterns in qualita-
tive data [10]. To begin, the two authors immersed themselves in
the dataset by reviewing and transcribing interview recordings,
ensuring familiarity with both the depth and breadth of participant
accounts. They then jointly coded the first three transcripts to de-
velop and calibrate an initial coding scheme, documenting analytic
memos to capture early impressions of learner perceptions of the
AI facilitator.

Next, the authors independently applied this coding scheme
across the remaining transcripts, generating initial codes that cap-
tured recurrent features such as usefulness, timing, tone, initiative,
and perceived effects on learning outcomes. In line with Braun
and Clarke’s guidelines, these codes were iteratively collated into
candidate themes, which were then reviewed to ensure internal
consistency and clear distinction from one another. Through col-
laborative refinement, the authors defined and named final themes
that captured participants’ perspectives at critical junctures of the

lumbar puncture procedure, including task initiation and wrap-
up [77, 80], high-risk steps such as palpation, anesthetic adminis-
tration, or needle insertion [29, 87], moments following errors or
becoming stuck [29], and periods of waiting, hesitation, or restart-
ing [77]. This process ensured that the analysis was both rigorous
and transparent, consistent with Braun and Clarke’s recommen-
dation that good thematic analysis grounds interpretive claims in
systematic coding while actively situating the researcher’s role in
identifying patterns.

4 FINDINGS
4.1 Learning Outcomes and Experience
4.1.1 Objective Learning Outcomes. To examine whether a proac-
tive AI facilitator influenced learning outcomes differently than a
reactive one, we compared learners’ knowledge gains, self-efficacy
growth, and post-simulation task performance across two groups.
Both groups completed a mixed-reality lumbar puncture training
session, but received support from different AI facilitator versions:
Group 1 interacted with an AI that offered encouragement, re-
minders, and help prompts proactively; Group 2 used a reactive
version that only responded to direct learner queries.

At baseline, the two groups demonstrated comparable levels of
procedural knowledge, self-efficacy, and trust in AI. Pre-training
quiz scores did not differ significantly between groups, t(20) =
–0.984, p = .337, d = –0.41. AI trust did not show a significant
difference, t(20) = –1.348, p = .193, d = –0.57. These results indicate
that random assignment produced equivalent starting points across
conditions.

Following training, participants in both conditions showed mea-
surable improvement. Quiz scores increased in both groups, and
self-efficacy ratings also rose, indicating that the mixed-reality
module effectively supported gains in procedural knowledge and
confidence. However, the magnitude of these improvements did
not differ significantly between the proactive and reactive facilita-
tor conditions. Knowledge gain was statistically comparable across
groups, t(20) = –0.153, p = .880, d = –0.07, as was self-efficacy growth,
t(20) = 0.584, p = .567, d = 0.25. Despite their differing interaction
styles, the two facilitator versions appeared similarly effective in
supporting learning gains.

Task performance during the hands-on lumbar puncture simu-
lation likewise showed no significant differences between groups.
Participants in both conditions successfully completed most of the
seven procedural steps, and performance metrics were statistically
comparable across facilitator types. The number of steps completed
did not differ significantly, t(20) = –0.726, p = .477, d = –0.31, nor did
the correctness of step order, t(20) = 1.342, p = .197, d = 0.57. These
results suggest that learners were able to translate instructional
content into procedural action effectively, regardless of whether the
AI facilitator intervened proactively or only in response to learner
queries.

The results suggest that both proactive and reactive AI facilita-
tion led to positive learning outcomes. The level of AI proactiveness
did not emerge as a critical factor in determining knowledge gain,
confidence building, or procedural success. This suggests that even
minimal AI support may be sufficient to foster meaningful learning.
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Figure 6: Box plot for knowledge gain of both groups

Figure 7: Box plot for self-efficacy gain of both groups

4.1.2 Subjective Learning Experience. We also assessed learners’
subjective experience during the training, including emotional and
cognitive aspects of the simulation. Participants rated their engage-
ment, relatedness, pressure/tension, temporal demand, frustration,
and perceived usefulness using 5-point Likert scales adapted from
validated measures (IMI, NASA-TLX, TAM).

Across all six subjective experience measures, no statistically
significant differences were observed between the proactive (Group
1) and reactive (Group 2) facilitator conditions. Engagement scores
were similar across groups, t(20) = 0.457, p = .653, d = 0.19. Perceived
pressure or tension did not differ meaningfully between conditions,
t(20) = 1.079, p = .295, d = 0.46. Workload-related perceptions also
showed no differences: temporal demand, t(20) = –0.343, p = .735, d =
–0.15. Finally, perceived usefulness of the AI assistance was identical
across groups, t(20) = 0.000, p = 1.000, d = 0.00. Full descriptive and
inferential statistics are reported in Table 1.

These results indicate that learners experienced both training
conditions as similarly useful, engaging, and manageable. Despite
the differing facilitator behaviors, participants’ emotional and cog-
nitive responses to the training remained consistent across con-
ditions. This suggests that variations in AI proactiveness did not
significantly influence learners’ overall experience in this immer-
sive training context.

4.2 Behavioral Differences and Interaction
Patterns

4.2.1 Quantitative Overview of Interaction Behavior. To explore
whether the AI facilitator’s proactiveness influenced learner engage-
ment during the simulation, we analyzed the number and types of
learner-initiated questions recorded in each group. All interactions
with the AI were logged and coded as either procedural, referring
to task-specific execution steps, or knowledge-based, focusing on
conceptual understanding or clarification.
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Table 1: Summary of quantitative comparisons between proactive (G1) and reactive (G2) AI facilitator conditions.

Group Means and SDs Cohen’s 𝑑 𝑡-test

Comparison G1 Mean G1 SD G2 Mean G2 SD 𝑑 𝑡 𝑝

AI Trust: G1 pre vs G2 pre 2.911 0.626 3.252 0.558 –0.57 -1.348 .193
Self-efficacy: G1 post - pre vs G2 post - pre 2.467 0.939 2.198 1.207 0.25 0.584 .567
Quiz (Normalized): G1 pre vs G2 pre 0.586 0.158 0.646 0.130 –0.41 -0.984 .337
Quiz (Normalized): G1 post - pre vs G2 post - pre 0.222 0.179 0.232 0.126 –0.07 -0.153 .880
User Engagement – Focused Attention 4.394 0.514 4.274 0.711 0.19 0.457 .653
Intrinsic Motivation – Pressure/Tension 2.891 0.288 2.727 0.412 0.46 1.079 .295
NASA-TLX – Temporal Demand 2.273 1.272 2.454 1.214 –0.15 -0.343 .735
Perceived Usefulness 4.091 1.044 4.091 0.831 0.00 0.000 1.000
Step Completed 6.273 0.647 6.455 0.522 –0.31 -0.726 .477
Step Correct Order 5.545 1.128 4.727 1.679 0.57 1.342 .197

Participants in the reactive AI group (Group 2) initiated slightly
more interactions overall than those in the proactive group (Group
1). On average, Group 2 learners asked 3.09 questions (SD = 2.21),
compared to 1.91 (SD = 1.51) in Group 1; however, this difference
was not statistically significant, t(20) = –1.46, p = .158, d = –0.63.
A more fine-grained analysis by question type produced similar
results. For procedural questions, Group 1 averaged 1.27 (SD =
1.19) while Group 2 averaged 1.91 (SD = 2.12), with no signifi-
cant difference between groups, t(20) = –0.86, p = .390, d = –0.37.
Knowledge-based questions followed the same pattern: Group 1
asked an average of 0.73 (SD = 1.19), compared to 1.18 (SD = 1.47)
in Group 2, again yielding no significant difference, t(20) = –0.81,
p = .420, d = –0.34. Together, these results indicate that facilitator
proactiveness did not meaningfully influence learners’ propensity
to seek help or clarification during the simulation.

These findings suggest that the proactive AI facilitator, despite
providing more frequent unsolicited guidance, did not result in
more learner-initiated engagement. If participants in the reactive
condition asked more questions, it may be because they were more
accustomed to depending on the AI as a responsive tool when
uncertainty arose. Still, none of the observed differences reached
statistical significance, echoing the pattern found in Section 4.1:
high-level engagement metrics remained stable across both ver-
sions of the AI facilitator. However, as the next section will show,
the surface-level similarity in frequency masks bigger structural
differences.

4.2.2 Learner Engagement by Key Moment. To further examine
learner engagement patterns beyond the quantitative interaction
frequency, we analyzed the timing and context of each learner-
initiated interaction with the AI facilitator. Specifically, we coded
every spoken or typed input from participants by identifying the key
moment within the simulation when the interaction occurred. Each
instance of learner speech directed toward the AI was timestamped
and then inductively coded based on its temporal and task relevance
within the procedure. This led to the emergence of four recurring
“key moments” that spanned the training session: (1) Step Start /
Step Completion, (2) High-Stakes Steps, (3) Pause / Waiting Periods,
and (4) After a Failed Attempt.

Each key moment encapsulated a different type of learner need
and intention. For instance, questions at Step Start / Completion
often reflected a desire for confirmation or reassurance before pro-
gressing. In contrast, questions during High-Stakes Steps, such as
needle insertion or anesthetic delivery, were typically aimed at
clarifying spatial accuracy or procedural rationale. Pause / Waiting
Periods were more exploratory or reflective in nature, as learners
used the downtime to revisit prior steps or inquire about procedural
details. Finally, interactions that occurred after a Failed Attempt
showed learners actively seeking to recover or troubleshoot, often
in response to perceived error or AI feedback.

Across all 22 participants, we identified a total of 43 learner-
initiated interactions, distributed fairly evenly between the two
groups: 22 in Group 1 (proactive AI) and 21 in Group 2 (reactive AI).
This finding mirrors the quantitative results reported earlier, where
no significant difference in interaction frequency was observed
between conditions. Importantly, the distribution of key moments
across groups was also comparable. Both groups most frequently
initiated interactions during High-Stakes Steps, followed by Pause /
Waiting Periods. This suggests that learners across conditions tend
to seek help in more complex steps and moments of uncertainty.

Beyond frequency, the content and tone of learner-initiated inter-
actions varied across key moments. During step transitions, ques-
tions like “Do I need to insert the needle further?” (P1) or “Should I
re-insert the middle part of the spinal needle?” (P22) revealed learn-
ers’ need for procedural confirmation. In high-stakes moments,
questions shifted toward conceptual clarity and confidence, such as
P19 asking, “What does aspirating mean?” or P23 asking, “Should
I get the needle right now?” to seek reassurance before action.
During troubleshooting, learners voiced embodied uncertainty, as
P10 noted, “I think I cannot feel the pop,” while P2 asked, “Where
should I position my hand?” Finally, after failed attempts, learners
continued to reflect and check for safety, as in P2’s “Will the needle
size cause any damage?” These utterances highlight the AI’s role
as a just-in-time cognitive and emotional scaffold across varying
training phases.

While the key moment coding reveals when and why learn-
ers sought help, it does not fully capture how these interactions
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Figure 8: User-initiated interaction through key moment dimension

unfolded over time or how they shaped the learner’s broader expe-
rience. To complement this temporal gap, we created user journey
maps that visualize the full session trajectories that highlight inter-
action density, directionality, and learner behaviors. These maps
allow us to explore variation within and across groups and surface
patterns not evident in aggregate counts.

4.2.3 Learner-AI Interaction Journeys. While statistical analyses re-
vealed minimal differences in interaction frequency between proac-
tive and reactive AI facilitator conditions, the structure and tra-
jectory of those interactions varied substantially from learner to
learner.

To more deeply examine how AI proactivity shaped learners’
unfolding experience, we conducted a qualitative trajectory anal-
ysis by generating “learner–AI interaction journey maps” for all
22 participants. These maps visualize temporal patterns in (1) who
initiated each exchange (AI or learner), (2) the procedural moment
in which it occurred (e.g., Greeting, Encouragement, Check-in Guid-
ance, Reminder Question, Learner Question), and (3) the learner’s
post-study perception towards a certain interaction, where we also
annotated their sentiment markers (green = positive, yellow = neu-
tral, red = negative). By examining who initiated each exchange,
how participants responded, and how their behavior evolved over
time, we surfaced several critical differences in learner engagement
that were not captured in survey metrics.

From these 22 maps, we selected four participants: P22 and P8
from the Proactive AI condition, and P2 and P10 from the Reac-
tive AI condition, to illustrate the qualitatively distinct interaction
patterns that appeared across the dataset. Crucially, these partic-
ipants were not chosen because their data were more positive or
more dramatic, but because their trajectories each represent a differ-
ent, recurrent pattern we observed across multiple learners: High-
frequency, reflective help-seeking, represented by P22 ( Fig. 9, left)
and also seen in 4 other participants; Minimal-interaction, task-
focused progression, represented by P8 (Fig. 9, right) and seen in

5 other participants; Iterative, post-completion clarification, rep-
resented by P2 (Fig. 10, left) and observed in 3 other participants;
and Linear progression with occasional, step-specific clarification,
represented by P10 (Fig. 10, right) and observed in 6 other partici-
pants).

Learners rarely responded to AI-initiated interactions.One
consistent pattern was the very low rate of verbal responses to AI-
initiated interventions. Although the proactive AI was designed to
offer check-ins, reminders, and encouragement at carefully selected
moments, most learners treated these messages as background
guidance rather than conversational turns. As illustrated in Fig. 9,
only one proactive prompt, Block 5 in P22’s session, elicited an
explicit verbal response when the learner paused and answered
the AI’s question. In contrast, P8 ignored all three AI-initiated
prompts, including two reminders and a check-in at blocks 4, 7, and
10, continued the task uninterrupted.

In the reactive condition (G2), such proactive prompts were ab-
sent by design, but the interaction blocks consistently featured
one-turn exchanges, even when learners initiated the questions.
None of the participants followed up after the AI’s response, sug-
gesting that single-turn interactions may be a general behavioral
pattern in this setting, regardless of who initiates the conversation.

These patterns contextualize our quantitative finding that in-
teraction frequency did not differ significantly across conditions:
although the proactive AI spoke more often, learners did not treat
its messages as openings for dialogue. Instead, both groups tended
to use the AI in momentary, task-specific transactions, suggesting
that conversation-like turn-taking may not be the dominant form
of interaction in embodied procedural training.

Learners initiated interaction primarily for procedural
clarification. While overall rates of learner-initiated questions
were similar across conditions, the journey maps reveal distinct
motivational patterns, shaped by learners’ disposition and task
approach.
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Figure 9: User journey map for P22 and P8 from group 1

In the proactive condition (Fig. 9), P22 exemplifies a highly reflec-
tive pattern – initiating seven help-seeking interactions across the
tutorial. This learner initiated seven questions covering both proce-
dural and conceptual clarifications, especially during transitions or
decision points in the task (e.g., “How far away from the puncture
site should you administer the anesthetic?” and "Can you clarify what
aspirating would look like?"). After completing the procedure, this
learner returned to earlier steps to ask additional clarifying ques-
tions, suggesting a more exploratory and reflective approach to
the tutorial. While the AI was proactive in this condition, many of
these learner-initiated questions occurred independently of system
prompts. By contrast, P8 reflects a focused, task-driven pattern ob-
served in several other learners. P8 initiated only one question, at
a moment of hesitation, and otherwise maintained steady forward
progress without revisiting earlier steps.

Similar contrasts appeared in the reactive condition (Fig. 10).
P2 also initiated seven questions, including both procedural and
conceptual questions. Notably, after completing the full procedure,
P2 returned to earlier steps to ask follow-up questions, as seen in
the final blocks of their journey map. While each question was a

single-turn exchange, the sequence reflects an intent to consolidate
knowledge and revisit moments of uncertainty. In contrast, P10
showed a goal-oriented but clarification-seeking behavior. This type
of learner moved linearly from start to finish without revisiting
earlier steps, but still initiated three procedural questions, two of
which involved multi-turn exchanges.

Across both conditions, these representative cases demonstrate
that learner disposition, whether reflective, exploratory, or task-
oriented, played a more decisive role in help-seeking behavior than
whether the AI was proactive or reactive.

Timeline patterns and interaction density reveal distinct
trajectories. The journey maps further highlight common trajec-
tory types found across participants: Patterns varied in whether
learners progressed linearly or revisited prior steps, and whether AI
interventions were concentrated at specific points or spread more
evenly across the session. The selected participants exemplify these
patterns, but each pattern appeared in multiple sessions.

For example, in the proactive condition (Fig. 9), P22 followed a
looping trajectory. Although the learner completed all eight steps,
the timeline showed detours shaped by AI proactivity. P22 stayed
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Figure 10: User journey map for P2 and P10 from group 2

at Step 5 for an extended time and triggered an AI check-in. And
at Step 7, P22 moved too quickly and activated an AI proactive
reminder question. After finishing Step 8, the learner returned to
Step 5 and asked two additional procedural questions, then revisited
Step 7 for further clarification. The result was a dense timeline with
multiple points of re-engagement. P8, by contrast, displayed a linear
trajectory with two early corrective AI interventions. At Step 1 and
Step 2, moving too quickly triggered two proactive AI reminders.
After these early prompts, the learner slowed down and advanced
through the remaining steps without further speed-related triggers.
This suggests that AI feedback could shape subsequent pacing.

In the reactive condition (Fig. 10), P2 also circled back after
completion with AI intervention, but in a different manner from
P22. The learner progressed through the steps with minimal AI
involvement, then returned post-completion to Step 6, asking two
questions, and to Step 7, asking two more. This created an episodic
density curve, with the majority of interactions clustered after
the nominal end of the tutorial. In contrast, P10 contrasted with
these looping patterns by remaining strictly linear. P10 interacted
with the AI facilitator at several steps, but without backtracking.
This produces a steady progression through the tutorial with a
moderate distribution of questions across Steps 2–6. These trajecto-
ries highlight how AI proactivity and learner pacing produced dis-
tinct experiential rhythms. Group 1 learners (P22, P8) encountered
branching timelines shaped by proactive AI checks and reminders,

while Group 2 learners (P2, P10) demonstrated more self-directed
paths.

Across these representative trajectories, we see how AI proac-
tivity, pacing, and learner strategy jointly shaped the experiential
rhythm of the tutorial. Proactive prompts influenced pacing for
some learners (e.g., P8), whereas others (e.g., P22, P2) exhibited
reflective revisiting independent of AI initiative. This diversity
highlights the value of analyzing trajectories rather than relying
solely on aggregate statistics.

4.3 Learner Perceptions of AI Facilitation
While the prior section analyzed learner-AI interaction patterns,
we further explored how learners in both groups perceived the AI
facilitator’s role through post-session interviews. Their reflections
surfaced recurring themes related to who should initiate interac-
tions, how well-timed the interventions were, and whether the
moments chosen by the AI felt appropriate or necessary.

4.3.1 Control Over Interaction Flow. A central theme that emerged
across both groups was the question of who should lead the inter-
action—the learner or the AI facilitator. While Group 1 participants
experienced a proactive AI that sometimes initiated prompts, and
Group 2 participants only engaged the AI reactively by choice, learn-
ers in both conditions expressed preferences that did not always
align with the system they used.
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In the proactive condition, several learners noted discomfort
when the AI spoke without being prompted. One participant re-
flected, “It was a little too much. A little annoying when it keeps on
talking, and you’re like, I already know I want to go to the next step.”
(P6). Another shared a similar sentiment: “I think it’s annoying. I
think. . . if you’re thinking about the AI, it’s like. . . I see, so you should
just be on the side, and just don’t bother.” (P7). These responses sug-
gest that even when support is available, learners may value the
freedom to decide when and how to engage. However, this prefer-
ence for learner-led control was not universal. Some participants
in Group 1 appreciated the AI’s proactive behavior and described
it as helpful and encouraging. One participant explained, “Yeah, I
definitely think the proactive did encourage me to actually use the AI”
(P1). They further elaborated on the benefit of the AI’s guidance: "I
think it helped to refocus. I don’t think I felt rushed. I think I. . . like,
I. . . it definitely, like, pushed me to use it, but I think that I needed
to be pushed to use it, because I was very, like, apprehensive in the
beginning." (P5). For this learner, the AI’s initiative helped scaffold
the learning process without undermining their autonomy.

In Group 2, which featured a reactive AI that responded only
when prompted, some learners reflected on moments when they
hesitated to ask for help and wished the system had offered unso-
licited guidance. One participant noted, “Like, after palpating the
spine to find where to put the needle, maybe the AI could prompt me:
‘Okay, now try to insert the needle.’ And then it could say if the needle
was in the incorrect location or depth.” (P12). Another added, “I do
want them at the high-risk step at five, and then right here after an er-
ror or when stuck. This is, of course, important for the AI as a teaching
tool.” (P18). These reflections point to a potential mismatch between
learner needs and the burden of initiating interaction, particularly
in situations where uncertainty or hesitation might prevent learn-
ers from reaching out. The contrasting responses illuminate the
importance of designing for varying degrees of learner control.
Some learners thrive with an AI that takes initiative. Others prefer
to retain full control over when and how assistance is delivered.
Notably, these preferences did not always align with the AI behav-
ior they encountered in the study, where participants expressed
desires to have features displayed in the other condition.

4.3.2 Experience of Temporal Fit. While the AI facilitator was de-
signed to offer timely support, learners frequently remarked on the
pacing of its interventions. The timing of the AI, whether too early,
too late, or just right, shaped participants’ overall experience and
their ability to stay engaged in the task. Some learners appreciated
the AI’s timing when it aligned with their needs. One participant
noted, “As opposed to one time when I probably moved too quickly,
and it. . . it prompted to say, you know, did you spend enough time?
Which I liked.” (P8). Another added, “I recall that when inserting, I got
stuck a few times at the beginning. . . when it guided me, it provided
logical steps, like saying: ‘Stop advancing when you feel a pop, that
means you’re in the subarachnoid space.’ That was useful. (P10). This
suggests that timely nudges were effective in re-engaging attention.

However, not all interactions were perceived as well-timed. Sev-
eral learners described moments where the AI interrupted their
thought process. One participant explained, “The timing sometimes
felt disruptive. For example, when I was angling the needle, it told me
I was taking a long time. That distracted me.” (P2). Another reflected,

“. . . there are a variety of reasons as to why there is a waiting or pause
period. It could be that the user is just organizing their thoughts during
this time. It doesn’t necessarily mean that they’re stuck in the step.
And so AI might be seen as a distraction if it initiates contact with the
user at that time.” (P18). The perceived misalignment between the
AI’s pacing and the learner’s internal rhythm led to cognitive fric-
tion. Overall, learners are highly sensitive to timing, both in terms
of AI-initiated and learner-initiated interactions. While proactive
prompts can be helpful when well-timed, even slight misalignment
with a learner’s mental rhythm or task engagement can lead to
frustration.

4.3.3 Expectations About Situational Relevance. Learners frequently
reported the AI’s helpfulness based on whether the moment felt
situationally appropriate. Their perceptions were shaped by the
complexity, emotional weight, or criticality of a given step. In steps
perceived as confusing or high-stakes, learners welcomed guid-
ance. But during simpler moments, the same intervention could
feel unnecessary or distracting.

Participants often described heightened expectations for AI sup-
port during difficult moments. One learner remarked, “Like when I
was getting stuck on something, like on a certain step, I can ask it a
question” (P1). This suggests that cognitive demand increased the
perceived value of assistance. Another noted, “So it really did force
me to ask questions rather than just me thinking to myself... I was
like, you know, having a mentor in the room” (P3). This indicates
that the AI’s perceived role shifted based on task complexity.

In contrast, learners expressed discomfort when the AI engaged
in low-risk or straightforwardmoments. One participant said, “More
helpful at the end of harder steps, but if it’s just putting on the drape
or gloves, then it should be quick” (P15). Another echoed this senti-
ment: “It was really easy and straightforward to follow. I just did it
without thinking too much” (P9). Even when the AI’s timing was not
problematic, learners questioned its judgment when it intervened
during tasks that didn’t warrant support. As one put it, “I think
there’s a difference between when you’re confused versus when you’re
just going through the motions” (P9). These reflections underscore
the need for AI facilitators to interpret not just procedural steps, but
the situational relevance of those steps in relation to learner needs.
The same action might be routine for one learner and confusing for
another.

5 DISCUSSION
5.1 Proactive AI alone did not affect the

learning outcome in immersive medical
training

As reported in Section 4.1, we found no statistically significant
differences in learning outcomes between participants who trained
with a proactive AI facilitator and those who used a reactive one.
This finding parallels prior work showing that unsolicited AI assis-
tance can sometimes reduce learner satisfaction or interfere with
autonomy. Diebel et al. found that proactive help could lower user
satisfaction if it disrupted task flow and made participants feel ob-
served or second-guessed [20]. In the context of immersive medical
training, where learners are immersed in embodied activity, this dis-
ruption may be especially critical. Learners in our study described
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some proactive interventions as helpful, but others perceived them
as unnecessary or mistimed, particularly during lower-intensity
procedural phases.

Similar effects have been observed in educational contexts where
AI monitors learner behavior and intervenes based on inferred
struggle. Kraus et al. reported that proactive interventions based on
affective state sometimes caused learners to feel rushed or under
pressure [48]. This suggests that the value of proactivity depends
on the learner’s readiness to receive help. Learner identity also
played an important role. In professional training contexts, unso-
licited guidance can challenge learners’ perceptions of competence.
Goutier et al. found that proactive support increased self-threat
among users completing identity-relevant tasks, such as medical
decision making [31]. Our participants, most of whom were early-
career medical students, may have interpreted proactive interven-
tions as a signal of underperformance.

Finally, the design of our system itself may have moderated
the effects of facilitator initiative. Both conditions included spatial
overlays, step-specific guidance, and real-time feedback presented
within the learner’s visual field. These XR features likely provided
a strong baseline of support. The proactive facilitator relied on
behavioral thresholds to trigger feedback, but this did not always
align with the learner’s internal needs or timing preferences. These
findings suggest that the effectiveness of proactive facilitation is
not guaranteed.

5.2 Design Boundaries of Proactive Facilitation
The findings presented in Sections 4.2 and 4.3 show that the effects
of proactivity were not uniform. Learners did not simply prefer
one version of the AI facilitator over the other; rather, they evalu-
ated each intervention through expectations of agency, timing, and
situational relevance. These evaluations reveal recurring tensions
between moments when proactivity was motivating and moments
when it was perceived as intrusive or unnecessary. To provide ac-
tionable guidance for designing AI facilitators in mixed-reality (MR)
training systems, we distill these tensions into three boundaries:
the Initiative Boundary, the Temporal Boundary, and the Situa-
tional Boundary. Together, they articulate how proactive behaviors
should be calibrated to support learners within embodied, hands-on
workflows.

5.2.1 Initiative Boundary: Who Leads the Interaction? The first
boundary concerns the degree to which the AI should initiate in-
teractions rather than waiting for learner input. As discussed in
Section 4.3.1, learners held divergent expectations aboutwho should
lead the flow of interaction. Our results suggest that initiative was
not experienced as a simple binary between proactive and reactive
facilitation, but as a continuum requiring careful calibration. Some
learners value AI initiative as a way to scaffold participation and
reduce hesitation, while others prefer to maintain full control over
when to seek assistance. For MR-based training systems, this bound-
ary highlights a practical design implication: initiative should not
be fixed at design time [9, 40]. Instead, systems may benefit from: 1)
learner-adjustable initiative settings, similar to mixed-initiative con-
trol in tutoring systems; or 2) adaptive initiative models that infer
when learners prefer autonomy (e.g., fluent performance, confident
pacing) versus support (e.g., extended hesitation or uncertainty).

The Initiative Boundary foregrounds howMR systems must balance
structured guidance with a learner’s desire for agency, a balance
that becomes especially delicate in embodied environments where
users are physically engaged and cannot rely solely on verbal cues
to negotiate control.

5.2.2 Temporal Boundary: When Is the Right Moment to Intervene?
The second boundary concerns the pacing and synchronicity of
AI interventions. As seen in Section 4.3.2, learners were highly
sensitive to whether the AI’s responses felt timely. Interventions
were appreciated when they coincided with hesitation or genuine
confusion, but they were disruptive when delivered prematurely.
Behavioral analysis showed that proactive reminders occasionally
led some learners to adjust their pacing, whereas others disengaged
from the AI altogether when the timing clashed with their workflow.
For MR-based systems, this boundary underscores a core implica-
tion: timing matters even more in immersive environments, where
learners are coordinating handmovements, gaze, and spatial naviga-
tion. Designing for this boundary may require: 1) pacing-sensitive
models that adjust interventions based on variations in movement
speed, hesitation, or repeated actions; 2) temporal buffers to pre-
vent the AI from interrupting ongoing motor sequences [19]; and 3)
multi-signal temporal inference combining gaze, hand trajectories,
and tool manipulation to detect appropriate intervention windows
[75]. The Temporal Boundary emphasizes that effective proactivity
is not a matter of frequency but of alignment with the embodied
tempo of the learner’s activity.

5.2.3 Situational Boundary: When Is Proactivity Appropriate? The
third boundary addresses the situational relevance of AI interven-
tions. As discussed in Section 4.3.3, learners also evaluated inter-
ventions on whether they were appropriate for the type of task
at hand. Participants welcomed proactive input during complex
or high-stakes steps. Conversely, interventions during routine or
straightforward actions were dismissed as unnecessary. This dis-
tinction was reinforced by behavioral analysis of key moments
(Section 4.2). Learners frequently expected support after failed at-
tempts or during high-stakes steps, but often preferred silence dur-
ing routine transitions or while reflecting in pauses. These patterns
suggest that appropriateness depends on the perceived criticality
and cognitive demand of the moment. The Situational Boundary
emphasizes the importance of calibrating proactivity to the task
context. Designers should distinguish between moments where
intervention is expected. Context-sensitive facilitation may require
systems that incorporate task tagging, learner state estimation, or
adaptive heuristics for gauging complexity.

These three boundaries represent distinct dimensions along
which AI behavior must be calibrated. Importantly, these dimen-
sions intersect with the four key moments identified in behavioral
analysis (Section 4.2): the start or end of a step, high-stakes steps,
pauses or waiting periods, and the aftermath of an error. Learners
evaluated the AI differently across these moments. To illustrate
how these findings can inform future design, we synthesize them
into a design table (Table 2). Each row corresponds to a recurring
moment in the procedural workflow, and each column articulates
how the three boundaries should be tuned for that moment. The
table, therefore, serves as a practical reference that designers can
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Key Moment Initiative Temporal Situational

Step Start / End Some learners welcomed
proactive orientation, others
preferred to initiate them-
selves.

Avoid overlapping with in-
structions; wait until learn-
ers have consumed the step
material.

Provide lightweight confir-
mation or navigation sup-
port rather than heavy guid-
ance.

High-Stakes Step Proactive initiative is often
expected, as learners may
hesitate to request help.

Timely feedback during exe-
cution is critical; avoid pre-
mature prompts that disrupt
focus.

Interventions here are per-
ceived as highly valuable
and appropriate.

Pause / Waiting Learners often prefer to lead;
proactive initiative during si-
lence may feel intrusive.

Avoid immediate responses;
allow hesitation to unfold be-
fore nudging.

Relevance is low unless hesi-
tation is prolonged, in which
case a gentle check-in is ap-
propriate.

After Error Learners strongly expect the
AI to step in unprompted for
correction.

Quick but not repeated feed-
back is valued; excessive rep-
etition causes frustration.

Interventions are seen as
highly appropriate, reinforc-
ing correction and recovery.

Table 2: Design table synthesizing behavioral analysis of key moments (Section 4.2) with learner perceptions of AI proactivity
(Section 4.3). Each row represents a training moment, and each column shows how initiative, timing, and situational relevance
should be calibrated for that moment.

consult when deciding how and when an MR-based AI facilitator
should intervene.

For example, after an error, the table indicates that learners
strongly expect the AI to initiate support, and that such interven-
tion is perceived as highly appropriate. An MR training system
could therefore be designed to automatically trigger a brief correc-
tive prompt, such as highlighting the correct needle orientation
in 3D space, immediately after the learner performs an incorrect
action. In contrast, during pauses or waiting, the Initiative and Situ-
ational Boundaries suggest restraint: the AI should hold back unless
hesitation becomes prolonged, at which point a gentle check-in is
more suitable than a directive correction. This distinction helps pre-
vent unnecessary interruptions while still offering support when
learners need it. By mapping boundaries to moments, the table of-
fers a concrete, moment-by-moment framework for calibrating AI
facilitation in immersive training systems, enabling designers to im-
plement proactive behaviors that are both pedagogically supportive
and aligned with learners’ expectations in MR environments.

5.3 Limitations and Future Work
While our study provides new insights into the role of proactivity
in AI facilitation, several limitations should be acknowledged. First,
the study was conducted in the context of a single procedural skill
within a simulation-based training environment. Although the task
represents a high-stakes and complex procedure, future research
should examine whether the boundaries we identify generalize
to other domains. Second, the proposed proactive triggers timing
threshold was developmental, serving as design probes to explore
learner perceptions of proactive facilitation rather than as vali-
dated indicators of struggle or readiness. Readers should note that
different threshold designs may yield different facilitation dynam-
ics. Future work could refine these heuristics through adaptive or
data-driven calibration. Third, we recruited 22 participants, which

aligns with sample sizes commonly used in mixed-methods evalua-
tions of immersive AI systems [52, 54]. This sample size balances
statistical power with the practical constraints of medical student
availability and the time-intensive XR laboratory setup. The study
is powered to detect medium-to-large between-subject effects, and
was not powered to detect small quantitative differences. Fourth,
while our findings integrate both behavioral data and self-reported
perceptions, the study was limited to a single session per learner.
Prolonged exposure to proactive facilitation may alter perceptions
over time, as learners develop trust or adapt to system behaviors.
Longitudinal studies are suggested to understand how boundaries
of initiative, timing, and situational appropriateness shift with re-
peated training. Finally, our participant sample consisted of medical
students in one institutional setting. Broader evaluation across insti-
tutions, levels of expertise, and cultural contexts will be necessary
to validate the generalizability of our framework. Despite these
limitations, our findings contribute to a design space that bridges
behavioral dynamics and learner perceptions. Future research can
extend this space by exploring adaptive mechanisms that modulate
proactivity in real time.

6 CONCLUSION
This study examines how the proactiveness of AI facilitators shapes
learner experience in immersive medical training. By comparing a
proactive and a reactive version of an AI-enabled lumbar puncture
simulator, we showed that differences in proactivity did not yield
measurable outcome differences but produced distinct patterns of
interaction and divergent learner perceptions. Through behavioral
trajectory analysis and post-study interviews, we identified recur-
ring moments when interventions clustered and revealed tensions
in how learners judged initiative, timing, and appropriateness.

From these findings, we proposed three boundaries, the Initiative,
Temporal, and Situational Boundaries, that define how proactivity
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should be calibrated in AI facilitation. Crossing these boundaries
with four key moments of training derived from behavioral analysis,
we synthesized a design table that provides practical guidance
for when and how AI facilitators should engage. This framework
highlights that proactivity is a multidimensional design problem
that should balance learner autonomy, task rhythm, and situational
relevance.

While our study was situated in the context of procedural skill
training for lumbar puncture, the implications extend to other do-
mains where AI is introduced as a facilitator in immersive envi-
ronments. By integrating quantitative, behavioral, and qualitative
data, this work contributes a grounded framework for designing
AI facilitators that are context-sensitive, learner-aware, and adapt-
able across training contexts. We hope these insights inform future
research on adaptive facilitation and spark new explorations of
how AI systems can support learning with consistent, contextually
attuned guidance.
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