Proceedings of ICUSI ’26, the 2026 International Conference on User-System Interaction

A Multi-Context Usability and User Experience Evaluation of
a Configurable Virtual Reality Environment for Medical
Imaging Education

Alina Duca Adrian Iftene
Faculty of Computer Science Faculty of Computer Science
“Alexandru loan Cuza” University “Alexandru loan Cuza” University
Iasi, Romania Iasi Romania
alina_duca@yahoo.com adiftene @ gmail.com
ABSTRACT First, evaluations are usually single-role. They recruit learn-

ers and measure what learners feel, which is reasonable, but
a configurable system by definition has a second class of
user—the author—whose interface is a different artefact with
different demands. If nobody evaluates the authoring surface,
the configurability claim rests on the fact that the develop-
ers themselves could use it. Second, evaluations are usually
single-context. Immersive learning systems are rarely only
immersive; they typically pair a headset experience with a
desktop surface for administration, upload, or review. Report-
ing a single aggregate usability score across a system that
spans a head-mounted display and a browser hides exactly
the comparison that a designer needs. Third, evaluations are
usually run on the wrong people. Immersive learning systems
for medicine are frequently tested on samples recruited from
the discipline that builds them rather than from the discipline
that will use them, and a participant who is comfortable with a
head-mounted display is precisely the participant least likely
to notice where the interface asks too much.

Virtual Reality (VR) is increasingly used in medical educa-
tion, but adapting an immersive learning environment to a new
subject typically requires programming skills that medical
educators do not have. Configurable environments promise to
remove this barrier: a medical educator retargets the system
to a new domain by authoring content rather than by writing
code. Such systems are usually evaluated in a single context
and for a single role, so the surface the educator actually uses
is rarely evaluated at all. We report a usability and user expe-
rience evaluation of a VR environment for medical imaging
education that spans an immersive VR module, a desktop
web client, and a tumour detector with visual explanations.
Twenty-eight participants—86% from medicine, veterinary
medicine, and the life sciences, and 68% with no prior VR
experience—rated seven modules across both interaction con-
texts and both the learner and the author role. Every module
scored at or above 4.0 on a five-point scale except the au-
tomated guided corridor (3.71), the only element that takes

locomotion out of the user’s hands, and the only one anybody This paper takes those three gaps as its evaluation design. We
rated negatively. Perceived usefulness ran above interaction study a configurable VR environment for medical imaging
quality for both Al-bearing features, small but consistent in education—a research prototype designed and implemented
direction. Retargeting the environment from brain to cardiac by the authors, whose intended users are students of medicine
imaging confirmed that adapting it to a new domain is an and allied health disciplines in the learner role and their edu-
authoring task rather than a development task. We draw three cators in the author role—and contribute the evaluation rather
design implications for configurable immersive learning envi- than the system: a study with 28 participants drawn deliber-
ronments. ately from medicine, veterinary medicine and the life sciences

rather than from computer science, rating seven modules
AUTHOR KEYWORDS across two interaction contexts and two user roles, followed

by an end-to-end retargeting exercise in which the brain tu-
mour environment is turned into a cardiac imaging environ-
ment through the authoring interface alone. Our contributions
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(1) A multi-context, dual-role usability and UX evalu-
INTRODUCTION ation (n = 28) of a configurable immersive medical
A recurring ambition in immersive learning research is to learning environment, reported at the level of indi-
make an environment configurable, so that a domain expert vidual modules and separately for the immersive and
who cannot program—typically a medical teacher—can re- desktop contexts, with a cohort that is domain-expert
target it to a new subject by supplying content instead of rather than technical.
editing code. The argument is economic: authoring a lesson (2) The observation of a small but consistent usefulness
is cheap, whereas building a virtual environment is not, so / interaction-quality gap: for both Al-bearing fea-
configurability is what turns a research prototype into some- tures, participants endorsed the value of the feature
thing an institution can actually reuse. The authoring-tool more readily than the quality of the interaction that
literature has made this case for Augmented Reality (AR) and delivered it.
VR broadly [2, 13, 22], and it inherits a longer tradition of (3) An end-to-end verification of the configurability
end-user development [16, 24]. The claim is attractive, but claim: retargeting the environment to a new medical
the way such systems are evaluated tends to leave it untested domain—the declared goal of authoring-based sys-
in three specific ways. tems, not a novelty of ours—was completed through
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the web form alone, without touching the Unity
project.

(4) Three design implications for configurable immer-
sive learning environments, concerning onboarding
locomotion, the separation of usefulness from usabil-
ity in Al-infused interfaces, and the confidence gap
on the authoring surface.

RELATED WORK
Immersive learning and its evaluation

Immersive VR reliably improves engagement, spatial under-
standing, and self-reported motivation in health-sciences edu-
cation relative to flat displays [7, 9, 14, 21, 25], and systematic
reviews of immersive applications in higher education report
broadly positive but methodologically uneven evidence [26].
The more careful findings are the qualified ones. Makransky
et al. showed that adding immersion to a science simulation
increased presence yet decreased learning, because the immer-
sive condition also increased extraneous cognitive load [19];
the CAMIL model subsequently formalised the point that
immersion acts on learning only indirectly, through affective
and cognitive mediators [18]. This matters for how we read
our own results: enthusiasm for an immersive feature is not
evidence that the feature teaches, and we are careful below to
report what participants judged rather than what they learned.
Locomotion is the sub-topic most relevant to our strongest
negative finding. Comparative studies of VR locomotion tech-
niques consistently find that the technique mediates comfort,
control and sickness [4, 5], and that motion the user does not
initiate is a well-known contributor to cybersickness [27]. Our
study offers a small naturalistic confirmation from a cohort
that had, in the main, never worn a headset.

End-user configurability and authoring

End-user development seeks to let people who are not pro-
grammers adapt systems to their own purposes [16, 24], often
by expressing the variable part of a system declaratively [20].
For immersive media specifically, Nebeling and Speicher cat-
alogue the trouble with AR/VR authoring tools—the gulf
between low-fidelity tools that non-experts can use and high-
fidelity tools that require a developer [22]—and Ashtari et al.
document how that gulf plays out in the practices of actual
AR and VR creators [2]. The system we evaluate sits squarely
in this tradition: a lesson is a structured record, resolved at
runtime, and the authoring surface is a web form. What this
literature rarely does, however, is put the authoring surface in
front of the domain experts it is built for and ask them to rate
it, which is one of the things we do here.

Explanations and trust in Al-assisted interfaces

The environment we evaluate does not only present authored
content: it also runs a learned model over medical images and
shows the learner a label, a confidence score, and a visual
explanation. That places it inside the literature on human—AlI
interaction. Displayed confidence and explanations change
how much users rely on an Al, and not always in the direction
of better joint performance [3, 31]; cognitive forcing func-
tions can reduce overreliance, at a cost in user satisfaction [6].
The Guidelines for Human-AlI Interaction make the relevant
prescription explicit: make clear how well the system can do
what it can do, and make clear why the system did what it
did [1]. Grad-CAM [28] is the standard way of discharging
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the second obligation and is what the system we study uses,
following a broader move towards explanation in medical im-
age analysis [10, 17]. Our results speak to the first obligation
from an unusual angle: participants rated the usefulness of the
Al feature above the quality of the interaction that delivered
it, which is a pattern any evaluator of an Al-infused interface
should expect to have to disentangle.

Evaluation method

Finally, the study is a questionnaire-based evaluation con-
ducted around a demonstrated rather than a performed interac-
tion. The tradition of critically comparing usability evaluation
methods [11], and of asking what a given protocol actually
measures [12], informs how we bound our claims in Sec-
tion Limitations and future work. Following the long-standing
distinction between perceived usefulness and perceived ease
of use [8, 30], we elicit two constructs separately for the Al-
bearing features: interaction quality, by which we mean how
easy and pleasant a feature is to operate—close to perceived
ease of use, though rated here for a demonstrated interaction—
and perceived usefulness, the value a participant attaches to
what the feature does. Module-level evaluations commonly
report a single overall score per module; we keep the two
constructs apart, and we report distributions alongside means
because the data are ordinal.

THE EVALUATED SYSTEM

The evaluated environment is a research prototype designed
and implemented by the authors, and this study is its first eval-
uation with users. In the following, we summarize it only to
the extent necessary to facilitate understanding of the evalua-
tion, and we omit implementation details that have no bearing
on what participants rated.

Two contexts. The system (Fig. 1) presents two interaction
surfaces. The immersive VR module, built in Unity and used
with a head-mounted display, contains an automated guided
corridor that carries the user into the environment, a main
menu, an embodied conversational tutor, a quiz that shows an
MRI slice and asks for the tumour type, a lecture module, an
anatomical brain components scene with selectable labelled
structures, and a brain tumours scene in which a volumetric
tumour model—generated directly from a NIfTI volume—can
be sliced open with a clipping plane. The desktop web client
provides an Al detection page, where an MRI or CT image
is uploaded and returned with a bounding box, a predicted
label, a confidence score, and a Grad-CAM overlay [28], and
an environment configuration page.

The backend. A single cloud-hosted service hosts three mod-
ules. The CNN module performs detection and, on request,
re-trains on a dataset uploaded by a teacher. The VR configu-
ration module stores lesson configurations in Cloud Storage
and serves them to the VR client, converting the uploaded
. fbx/. g1lb models into Unity asset bundles. The LLM mod-
ule drives the tutor, described next.

The conversational tutor. The tutor is operated by push-
to-talk: the learner holds a controller button and speaks, in
English or Romanian. The server transcribes the utterance, re-
trieves relevant passages from the teacher-supplied reference
document—for the brain configuration, the NCCN Clinical
Practice Guidelines for Central Nervous System Cancers—
and a hosted large language model composes the answer,
which is returned as text and as synthesised speech with lip
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Figure 1: Platform architecture. A React web client and Unity VR client connect to a FastAPI server on a GPU instance. The server
hosts the LLM, CNN detection, and VR modules and manages lesson assets in Cloud Storage. Learners use both clients, while authors
use only the web client.

synchronisation on the embodied avatar. Two design decisions
matter for the evaluation: the tutor is deliberately grounded in
the teacher-supplied document rather than in an open-ended
model, so that its answers stay within the authored lesson;
and it answers within 3—4 s, after an earlier locally hosted
variant proved unusable at a latency of roughly 20s.

Two roles. A learner uses the VR module and the detection
page. An author (a teacher) uses the configuration page: they
name the lesson, select which modules will appear, and attach
3D models, documents, and videos. Saving produces a six-
digit environment identifier, which a learner types into the
VR client at launch; the client then resolves the configuration
and builds the scene at runtime. No Unity rebuild and no
redeployment are involved, which is the claim the retargeting
exercise in Section Retargeting the environment to a new
domain puts to the test.

The perception layer. Detection uses a YOLOv8-Nano classi-
fier [15] fine-tuned from ImageNet weights, with Grad-CAM
computed on the last convolutional block and thresholded
to yield a bounding box. On the public brain tumour MRI
benchmark [23] this configuration reaches 97.33% top-1 ac-
curacy over four classes; it was selected from a comparison
of six architectures, and it is the model the interface serves to
learners. Figure 2 shows what a learner actually receives from
the detection page: the uploaded slice, the predicted class
drawn as a labelled bounding box, and the Grad-CAM over-
lay from which that box is derived. The explanation is what
makes the output inspectable rather than merely asserted, and
it is the feature whose usefulness participants rated highest in
Section Results.

EVALUATION DESIGN
Research questions

RQ1 How do domain learners, as opposed to technically
trained participants, rate the usability and experience of each
module—and does the immersive context fare differently from
the desktop context?

RQ2 For the features that are backed by a learned model,
does perceived usefulness track interaction quality, or do the
two come apart?
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Input MRI Detection: bounding box + class Grad-CAM explanation

Figure 2: What the AI detection page returns for a meningioma
case. The MRI slice (left) is classified by YOLOv8-Nano
(97.33% accuracy) [23]; the predicted class is shown as a
bounding box (centre), while the Grad-CAM overlay (right)
highlights the region driving the decision, helping learners
understand both what the model predicted and why.

RQ3 Is the authoring surface legible to people who are not
developers?

RQ4 Can the environment be retargeted to a new medical
domain through the authoring interface alone?

Participants

The environment’s target population is students of medicine
and allied health disciplines, who meet it as learners, together
with the educators who teach them, who meet it as authors.
Twenty-eight participants took part. The cohort was recruited
to be domain-representative rather than technically represen-
tative: 67.9% study medicine or worked in healthcare, 17.9%
veterinary medicine, 7.1% biology and the life sciences, 3.6%
bioengineering, and a single participant (3.6%) comes from a
technical field. Eighty-six percent are therefore prospective
domain users of the environment, and only one participant is
a plausible developer of it.

Table 1 gives the profile. Two features of it drive the inter-
pretation of our results. The cohort is domain-strong: mean
self-rated familiarity with brain anatomy and brain tumours is
4.18 (SD 0.94) on a five-point scale, with 78.5% at 4 or 5. And
it is technology-naive with respect to the medium: 67.9% had
never used a VR application, none used one more than rarely,
no participant described themselves as very experienced with
head-mounted displays, and 57.1% had never used any VR
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Attribute Level %
Age 18-24 92.9
25-34 7.1
Gender Female 78.6
Male 17.9
Other 3.6
Field Medicine / healthcare 67.9
Veterinary medicine 17.9
Biology / life sciences 7.1
Technical or bioengineering | 7.1
Prior VR use None 67.9
Some 32.1
VR frequency Never 53.6
Rarely 46.4
HMD experience Inexperienced 60.7
Neutral 28.6
Somewhat experienced 10.7
Prior medical VR/mobile app | Never 57.1
Mobile only 32.1
Both 10.7

Table 1: Participants (n = 28). The cohort is domain-expert but
VR-naive, unlike typical immersive learning study populations.

or mobile application for medical education. This is the pop-
ulation the system is for, and it is not the population such
systems are usually tested on.

Protocol

The study ran in three stages. Participants first completed a
pre-questionnaire capturing demographics and prior experi-
ence. They were then taken through the system by means of
two structured video walkthroughs, one per role: a learner
walkthrough covering account creation, MRI upload and clas-
sification with the Grad-CAM explanation, and then, in VR,
the corridor, the main menu, a conversation with the tutor,
four quiz items with correct and incorrect feedback, the lec-
ture player, the brain components scene and the brain tumours
scene; and an author walkthrough in which a teacher account
configures a new environment—selecting modules, attaching
a 3D model, documents and a video—receives the gener-
ated environment identifier, and then enters that identifier
in the VR client and finds the environment rebuilt around
the authored content. Participants then completed a post-
questionnaire. Every module named in Section The Evaluated
System was rated separately, on five-point scales anchored
at 1 (poor / very difficult) and 5 (excellent / very easy), and
both the authoring page and the detection page were rated in
the same way. Two further items asked about the usefulness
of the two Al-bearing features, phrased and scaled identi-
cally to the corresponding experience items, so that the two
constructs could be compared directly. Free-text items col-
lected suggestions and criticism. The full instrument is listed
in the Appendix. We stress what this protocol does and does
not deliver, because it bounds every claim we make. Partic-
ipants judged an interaction that was demonstrated to them
rather than one they performed. This is what made it pos-
sible to reach 28 domain participants instead of the small
mixed-background samples that hands-on headset sessions
realistically permit, and it is why the cohort in Table 1 looks
like the intended user population. It also means that our “ease”
ratings are anticipations of ease rather than measurements of
it, that we have no interaction telemetry, no task-completion
times, and—importantly, given the corridor result—no instru-
mented measure of presence or cybersickness [27, 29]. We
return to this in Section Limitations and future work.
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Web: Al detection
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B Immersive VR context

Guided corridor (onboarding) B Desktop web context

1 2 3 a 5
Mean rating (1 = poor / very difficult, 5 = excellent / very easy)
Figure 3: Mean module ratings (n = 28), sorted ascending by
interaction context. Nine of ten items score at least 4.0; only the
automated guided corridor scores lower.

Analysis

With n = 28 and ordinal responses, we report means with
standard deviations and the underlying distributions, and we
do not perform significance testing on the between-item dif-
ferences. Where we describe a difference as consistent, we
mean consistent in direction across items, not statistically
established; this is stated again at each point where it matters.
In particular, the learner-facing and author-facing items are
reported side by side for completeness: we do not compare the
two roles inferentially, since they measure different artefacts.

RESULTS
Module-level ratings across two contexts (RQ1)

Figure 3 reports every rated item. The headline is that the
system is broadly well received by a cohort that had mostly
never used VR: 82.1% found the VR functionalities easy to
understand (14.3% “‘somewhat”, one participant “no”), and
nine of the ten rated items sit at or above 4.0.

The interesting result is the one that does not. The automated
guided corridor—a scripted camera move through hospi-
tal corridors, used as an onboarding device before the main
menu—scores 3.71 (SD 0.94), the lowest item by a clear
margin. Its distribution is the diagnostic part: half of the par-
ticipants (14/28) sat on the neutral midpoint, and it is the
only item in the entire instrument to attract a rating below the
midpoint. Nothing else in the system was rated negatively by
anyone. The corridor is also the only element in the system
in which locomotion is taken out of the user’s hands. Every
other VR module—the tumour scenes, the components scene,
the quiz, the tutor—is something the user does; the corridor
is something done to the user. That the single passively expe-
rienced element is the single worst-received one, in a cohort
with almost no headset experience, is consistent with what the
locomotion and cybersickness literature would predict [5, 27],
and we treat it in Section Discussion as the clearest design
signal in the study. Comparing the two contexts, we find no
penalty for immersion. The web items (authoring 4.14, de-
tection 4.07) sit in the same band as the VR items rather
than above them, and the two highest-rated items in the study
are both immersive: the quiz (4.29, SD 0.71) and the brain
components scene (4.25, SD 0.70), which also have the tight-
est distributions in the study. The often-reported finding that
a browser interface is “easier” than a headset does not re-
produce here—plausibly because the protocol removed the
physical cost of wearing the headset, which is precisely the
kind of effect a demonstrated interaction cannot capture.
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Item 17/2]3[]4]5] M [ SD
Guided corridor O]T[]I14] 5] 8 [371]094
Chatbot tutor O]T] 6 [12]9 [404]0.84
Web: Al detection 0/0] 8 |10] 10| 4.07 | 0.81
Main menu 116 ]| 6 |14]411]1.10
Web: authoring 0l0] 8 | 8 |12]4.14]0.85
3D model exploration [0 [0 7 [ 9 [ 12 ] 4.18 | 0.82
Brain tumours 00719 [12]4187]0.82
Lecture O[22 12124211 0.88
Brain components 0]0] 4 [13]11]425]0.70
Quiz 0[]0 4 [12]12]429]0.71
Usefulness items (asked separately)

3D tumour usefulness 0] 84 116]42970.90
Al detection usefulness [0 [0 [ 6 | 7 [ 15[ 432[ 0.82

Table 2: Full response distributions (n = 28), with mean and
standard deviation. The corridor is the only item rated below
the midpoint; the main menu shows the widest dispersion, while
the quiz and brain components scene show the narrowest.

5 Interaction quality
B Perceived usefulness

Mean rating

Al detection
(web)

3D tumour
(VR)

Figure 4: For both Al features, perceived usefulness exceeds
interaction quality (+0.25 and +0.11). While not statistically
significant, both gaps suggest that users accept the value faster
than the interface.

The main menu deserves a note: its mean of 4.11 conceals the
widest dispersion in the study (SD 1.10), with 14 participants
rating it 5 and two rating it 1 or 2. A mean of 4.11 would
suggest a menu that needs no work; the distribution says it
works very well for most and fails outright for a few. This is
the practical argument for reporting distributions rather than
means in studies of this size, and Table 2 therefore gives the
full response counts for every item, so that a reader can see
where a mean is carried by consensus and where it is carried
by an average of disagreement.

The interaction-quality gap (RQ2)

Two features are backed by the learned model: the web detec-
tion page and the 3D tumour visualisation with its clipping
plane. For both, we asked separately about the experience
of using the feature and about its usefulness (Fig. 4). For
Al detection, interaction quality scores 4.07 (SD 0.81) while
usefulness scores 4.32 (SD 0.82), a gap of +0.25. For the
3D tumour, exploration ease scores 4.18 (SD 0.82) and the
usefulness of being able to see through the model scores 4.29
(SD 0.90), a gap of +0.11. Fifteen of 28 participants gave
Al detection usefulness the maximum rating, and 16 of 28
did so for the see-through tumour—in each case, more than
gave the corresponding experience item a 5. These gaps are
small, and with ordinal data and n = 28 we make no claim
that either is significant. What we do observe is that both run
in the same direction, and that this direction is the one that
should worry an evaluator: participants endorsed what the
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Figure 5: The authoring surface lets teachers configure modules
and attach lesson assets, generating an identifier for VR access.
Rated 4.14 (SD 0.85), with 28.6 % neutral responses—the
joint-highest in the study.

feature is for more readily than how it felt to use. A single
blended usability score over this system would have been
pulled upward by enthusiasm for the capability, and would
have reported an interface in better shape than the one partici-
pants actually described. The separation of the two constructs
is old advice [8], but it is advice that Al-infused interactive
systems make newly urgent, because the capability on offer
is exactly the thing most likely to generate enthusiasm.

The authoring surface (RQ3)

The authoring page (Fig. 5) scored 4.14 (SD 0.85). Twelve
participants rated it 5 and none rated it below the midpoint,
which we read as support for the basic claim: a configuration
surface of this kind is legible to domain experts who are not
developers, and 27 of our 28 participants are not developers.
The qualification is in the shape of the distribution. Eight
participants (28.6%) sat neutral—jointly the largest neutral
band in the study, alongside the corridor. Nothing about the
page was rated badly; a substantial minority simply declined
to endorse it. Read together with the fact that these same
participants rated the learner-facing modules confidently in
both directions, we read the neutral band as uncertainty about
the authoring task rather than dissatisfaction with the form:
participants could see what the page did without being sure
they could use it to build a lesson of their own. This is a
familiar pattern in end-user development, where the barrier is
typically not the syntax of the tool but the user’s confidence
in their standing to use it [2, 16].

Overall, 78.6% of participants said the system would make
learning tumours and medical imaging easier for students,
21.4% said “maybe”, and no participant said no.

Retargeting the environment to a new domain (RQ4)

The three preceding results concern how the system is experi-
enced. This one concerns whether the configurability claim
survives contact with a domain the environment was not built
for. We retargeted the environment from brain tumours to
cardiac imaging by the route the system prescribes. Acting
as an author, we configured a cardiac environment through
the web form of Fig. 5: a 3D heart model, cardiac reference
documents for the tutor’s retrieval component, a lecture video,
and a cardiac imaging dataset for the detector. The VR client
then resolved the resulting six-digit identifier and rebuilt the
scene around the authored content—the carousel now offer-
ing cardiac pathologies rather than brain tumours, the tutor
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answering questions from the cardiac document, and the quiz
drawing on cardiac images. The detector was retrained on the
uploaded dataset from within the same interface, a step that
completed in roughly nine minutes, after which the detection
page returned a bounding box on an uploaded cardiac MRI
with the label hypertrophic cardiomyopathy at 87% confi-
dence. The point of the exercise is what it did not require. No
Unity code was written, no scene was rebuilt in the editor, and
no service was redeployed; the entire domain change was ex-
pressed as data through a web form that our participants rated
4.14 for legibility. Authoring-based retargeting is the declared
purpose of configurable environments rather than a novelty of
ours; what the exercise establishes is that this system delivers
it end to end. On the terms in which configurability is usually
claimed—that adapting to a new domain is an authoring task
rather than a development task—the claim holds, and it holds
for the same surface that the study in Section Results found
to be usable by domain experts who are not programmers.

What participants asked for

Three free-text items invited participants to say what should
be improved, what they would like to see added, and any-
thing else they wished to record. What they wrote is worth
reporting in its own right, because the requests cluster in a
way the rating scales do not reveal: with one exception, they
ask for more agency and more clinical realism, not for a
simpler interface. The largest cluster concerns making the
pathology dynamic rather than static. Participants asked
to simulate how a tumour might grow over time under differ-
ent clinical scenarios, and to explore how different treatment
options—surgery, radiation, chemotherapy—would change
the outcome. The environment currently presents a tumour
as a fixed object to be inspected; these participants, most of
them medical students, want it to be a process they can inter-
vene in. A related request was to correlate a tumour with the
patient’s symptoms, which asks the system to close the loop
between the image and the presentation that the student will
actually meet in a clinic. A second cluster concerns study
mechanics: the ability to take quick notes inside the VR envi-
ronment, progress tracking across sessions, procedure-based
training, and enlarging the anatomical images inside the quiz
module, which several participants found too small to read
comfortably. A third asked for multi-user collaboration, so
that a group of students, or a student and an instructor, could
occupy the environment together. Finally, and consistent with
the chatbot’s position near the bottom of Table 2, participants
asked for the tutor’s answers to be able to include images
rather than being text and speech alone. A tutor that can say
“a meningioma looks like this” and show the slice is a different
pedagogical instrument from one that can only describe it,
and this is arguably the single clearest actionable request in
the free-text data. We note the shape of this feedback rather
than quantifying it: with 28 participants and open questions,
counting mentions would give a spurious precision. But the
direction is unambiguous, and it points away from simplifica-
tion and towards depth—which is a comfortable result for a
system whose modules all scored above 4.0, and an uncom-
fortable one for the assumption that VR-naive users primarily
want things made easier.
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DISCUSSION
Do not take agency away during onboarding

The corridor was designed as a welcome. It was received
as the worst part of the system, by the widest margin in the
study, and it is the only element to have been rated nega-
tively at all. It is also the only element in which locomotion
is not the user’s decision. For a cohort in which 67.9% had
never worn a headset, the system’s first act was to move them
somewhere they had not chosen to go. The design implica-
tion is narrow and actionable: the onboarding sequence of
an immersive system is the worst possible place to spend
the user’s agency. If a scripted transition is wanted for nar-
rative reasons, it should be skippable, speed-adjustable, or
replaced by a user-initiated teleport [5]. The general point is
that passive transport is usually a designer’s convenience—it
guarantees the user arrives in the right place facing the right
way—and that this convenience is paid for by the user, at the
moment they are least equipped to absorb the cost.

Separate usefulness from usability, especially over Al

Both Al-bearing features were rated more useful than they
were pleasant to use (Fig. 4). The effect is small, and we
do not claim significance for it, but its direction is the one
that matters for evaluation practice: had we collected a single
blended usability score, the enthusiasm participants plainly
felt for automated tumour detection would have been folded
into it, and the resulting number would have described an in-
terface in better condition than the one they actually reported.
The recommendation is therefore methodological. In systems
whose headline feature is an Al capability, usefulness and
interaction quality should be elicited as separate, identi-
cally scaled items, and the difference between them reported.
The distinction is old [8, 30]; what is new is the strength of
the confound, because a capability that feels like magic is un-
usually good at borrowing credit for the interface that delivers
it. It also bears on how such interfaces communicate: a learner
who is predisposed to find automated detection valuable is a
learner who will accept its output readily, which is exactly
the condition under which calibrated confidence and honest
explanation matter most [1, 6, 31].

A legible authoring surface is not yet a confident author

The authoring page was rated well (4.14) and never rated
badly, and the retargeting exercise in Section Retargeting the
environment to a new domain confirms that it does what it
claims. Yet it also drew the joint-widest band of participants
who declined to commit either way. We read this as the gap
between understanding an authoring interface and feeling
entitled to use it: a medical student can see that the form
uploads a model and generates an identifier without believ-
ing that building a lesson is something they would be able,
or permitted, to do. The implication is that a configurable
system needs to invest in authoring confidence, not only
authoring legibility. Worked examples, a cloneable starter
environment, a preview of the resulting VR scene before pub-
lication, and a visible record of what other teachers have built
would all address the neutral band more directly than further
simplification of a form that participants already understood.
This is the familiar territory of end-user development, where
adoption tends to be limited less by the syntax of the tool than
by the user’s sense of standing [2, 16, 24].
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What the protocol bought, and what it cost

The evaluation reached 28 participants, of whom 86% come
from medicine, veterinary medicine, and the life sciences,
and 68% had never used VR—a cohort that resembles the
system’s intended users far more closely than the small, tech-
nically skewed samples that hands-on headset sessions typ-
ically afford. That reach was bought by demonstrating the
interaction rather than having participants perform it, and the
price was real: no telemetry, no completion times, no pres-
ence or cybersickness instrument, and ease ratings that are
anticipations rather than measurements. The corridor finding
is the sharpest illustration of the trade in both directions—a
cohort this VR-naive is exactly the right one to notice that pas-
sive transport is unpleasant, and a protocol without a sickness
instrument is exactly the wrong one to say why. We would
use a demonstrated-interaction protocol again to recruit the
right people and to survey a system this broad, and we would
not use it to make any claim about embodied experience.

Limitations and future work

Beyond the protocol, three limitations bound these results.
The sample is a convenience sample, young (92.9% aged
18-24) and skewed female (78.6%), so the ratings should not
be read as population estimates. There is no control group
and no comparison against conventional instruction: we can
say participants expect the system to help, not that it does—a
distinction the immersive-learning literature has shown to
be more than academic [19]. And the differences we high-
light between items are small and untested for significance,
which is why we have deliberately reasoned from the shape
of distributions rather than from the ordering of means. These
limitations set the future work. The immediate next step is
a hands-on evaluation in which participants—where possi-
ble, the same cohort—perform the interactions themselves
rather than watch them demonstrated, instrumented with task-
completion times and interaction telemetry, and paired with
standardised presence and cybersickness instruments, so that
the corridor result in particular can be checked against a mea-
surement rather than inferred from a rating. Two further stud-
ies follow directly from the findings: a controlled comparison
against conventional instruction, to test whether the learning
benefit participants expect is real [19], and an authoring study
in which practising medical educators build a complete lesson
end to end, to test whether the confidence gap we observed
on the authoring surface closes with use.

ETHICS AND PRIVACY STATEMENT

Participation was voluntary, anonymous, and unpaid; partici-
pants gave informed consent, no personal data beyond coarse
demographics were collected, and all imaging data used in
the system and in this study come from public, de-identified
research datasets. The system is an educational aid and not
a diagnostic device: its detector is trained on public bench-
marks, its confidence scores are not clinically calibrated, and
it must not be used to support clinical decision-making. Be-
cause the environment is configurable by teachers, a lesson
can be retargeted to a medical domain in which the detector
has not been validated; deployments should therefore make
the provenance and the validated scope of the model visible
to learners, so that an automated label is never mistaken for a
diagnosis.
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THE QUESTIONNAIRE

The pre-questionnaire collected: age bracket; gender; field
of study or work; whether the participant had used VR appli-
cations before (none / some); how often they use VR (never
/ rarely / occasionally / often); self-rated experience with
head-mounted displays (five-point scale); prior use of VR or
mobile applications for medical education (never / mobile
applications only / both); and self-rated familiarity with brain
anatomy and brain tumours (five-point scale).

The post-questionnaire asked one experience item per mod-
ule, each on a five-point scale anchored at 1 (poor / very
difficult) and 5 (excellent / very easy): the guided corridor;
the main menu; the chatbot tutor; the quiz; the lecture mod-
ule; the brain components scene; the brain tumours scene; 3D
model exploration; the web Al detection page; and the web
environment-authoring page. Two usefulness items, on the
same scale, asked how useful the participant considered auto-
mated tumour detection with a visual explanation, and how
useful the ability to see through the 3D tumour model. Two
categorical items asked whether the VR functionalities were
easy to understand (yes / somewhat / no) and whether the
system would make learning tumours and medical imaging
easier for students (yes / maybe / no). Three free-text items
asked what should be improved, what the participant would
like to see added, and anything else they wished to record.

CONCLUSION

We evaluated a configurable immersive environment for medi-
cal imaging education across two interaction contexts and two
user roles, with 28 participants drawn from the domain the
system serves rather than from the discipline that builds such
systems. The environment is well-received. Nine of ten rated
modules score at or above 4.0 on a five-point scale, 82.1% of
a cohort that was two-thirds VR-naive found its functional-
ity easy to understand, and not one participant rejected the
proposition that it would help students learn. The exceptions
are the informative part. The single worst-rated element is the
automated corridor, the only one that moves the user without
asking, which is a reminder that the onboarding sequence is
the worst place in an immersive system to spend the user’s
agency. The authoring page, although rated well and never
rated badly, drew the study’s widest band of participants who
would not commit either way, which suggests that a configu-
ration surface can be perfectly legible and still leave a domain
expert unsure that authoring is theirs to do. And ratings of
usefulness ran consistently above ratings of interaction qual-
ity for both Al-backed features, by small margins, we do not
overclaim, but this direction is a caution to anyone who would
evaluate an Al-infused interface with a single blended score.
Finally, retargeting the environment from brain tumours to
cardiac imaging confirmed the property the system was built
for: a new medical domain was expressed entirely as authored
content through the same web form the study found usable,
with no code written and no redeployment. Configurability,
on this evidence, is a realistic goal for immersive learning
environments—and the remaining work is less about making
the authoring surface simpler than about making the domain
experts who face it confident that it is theirs to use.
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