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Abstract

Simulation-based clinical training generates rich multimodal data
that remains underused due to fragmented modalities, annotation
bottlenecks, weak provenance, and tools misaligned with educa-
tor workflows. We introduce ClinVision, an educator-in-the-loop
platform that operationalizes end-to-end multimodal learning ana-
lytics: synchronized multi-camera review, ISBAR-aligned scoring
(a validated clinical communication framework), and templated re-
ports with jump-to-evidence provenance. Agentic Al - systems that
act on behalf of users while preserving human authority - assists
with phrasing under explicit control (accept/edit/reject) and visible
provenance, supporting accountable use rather than prescriptive au-
tomation. An in-learning deployment with five educators revealed
full ISBAR coverage and time-efficient workflows, though Al sug-
gestions were used selectively. We surface three transferable design
tensions (assistance vs. authority, structure vs. flexibility, evidence
vs. overload) and demonstrate that workflow integration, tempo-
ral primitives, and background Al assistance may better support
high-stakes assessment than analytics or automation alone.
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1 Introduction

Learning analytics offer a principled way to transform the dense
traces of simulation-based clinical training into evidence that strength-
ens educator judgment and improves assessment quality. In competency-
based medical education, robust supervisor evaluation is founda-
tional: workplace-based assessment aggregates multiple observa-
tions to inform high-stakes decisions, and programmatic assessment
combines diverse data over time to maximize validity and feedback

for learning [29, 37, 41]. Within this landscape, multimodal learning
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analytics (MMLA) has been recognized as a promising means to
organize, analyze, and communicate rich evidence responsibly in
health professions education [4, 30].

However, moving from simple digital records to MMLA exposes
persistent obstacles that current workflows rarely solve. First, mul-
timodality introduces heterogeneity of formats and sampling rates
and demands precise temporal synchronization across sources [4,
30]. Second, producing high-quality, rubric-aligned, time-stamped
annotations is labor-intensive and difficult to scale; manual anno-
tation remains common in MMLA pipelines [28]. Third, gaps in
standardization and interoperability limit reuse and comparison
across cohorts and sites [30]. Finally, adoption in high-stakes set-
tings depends on privacy, provenance, and human control [19, 25].
In practice, these issues manifest as loss of temporal fidelity, idiosyn-
cratic phrasing undermining inter-rater consistency, and difficulty
scaling assessment.

Existing practice also falls short in how video is used during
debriefing. Although video-assisted debriefing is widely employed
in technology-enhanced simulation, effectiveness depends on fa-
cilitation skill and context; syntheses report mixed or modest in-
cremental benefits over verbal debriefing, underscoring the need
for structured, evidence-anchored prompts [8, 47]. Routine use of
video in real clinical contexts raises concerns among healthcare
providers, highlighting adoption barriers [35]. At the same time,
structured communication frameworks such as ISBAR (Identifica-
tion, Situation, Background, Assessment, Recommendation) provide
a validated mental model for making clinical feedback clear and ac-
tionable [15, 17]. Originally developed to improve patient handofts,
ISBAR has been widely adopted in simulation training. Validated
instruments such as OSAD and electronic variants streamline data
entry and support reliable scoring [1, 3].

These observations point to an emerging opportunity: platforms
that do more than replay video. To enable MMLA in clinical educa-
tion, systems should make the creation of time-locked annotations
efficient and consistent, then convert those labels into structured,
ISBAR-aligned feedback and reports, closing the loop from data
collection to action.

This paper introduces ClinVision, a web-based platform designed
with educators to address these problems within an end-to-end
workflow (Fig. 1). ClinVision integrates multi-camera session re-
view with time-linked annotations; provides ISBAR-aligned scor-
ing; and uses agentic Al - Al systems that act on behalf of users
while preserving human authority and control - to draft phrasing
via accept/edit/reject mechanisms and provenance-linked jump-to-
evidence. Rather than replacing professional judgment, this agen-
tic approach positions Al as an assistant operating on educator-
authored artifacts, suggesting refinements with visible provenance.

We therefore evaluate the platform on three reviewer-salient
dimensions:

e RQ1 - Evidence creation and consistency: Does the plat-
form help educators find, segment, and label salient behav-
iors across video and audio with higher coverage than cur-
rent practice, and what features support or hinder consis-
tency?

e RQ2 - Effort and flow: Does educator-in-the-loop, agentic
assistance reduce the time and interaction cost of producing
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structured assessments while keeping educators in control
of wording and emphasis?

e RQ3 - Actionability and traceability: Do provenance-
linked timestamps/spans and ISBAR-aligned summaries make
feedback clearer, easier to justify, and more useful for de-
briefing and supervisory decisions?

Our contributions are threefold:

(1) An end-to-end educator-in-the-loop MMLA workflow that
unifies synchronized multi-camera review, time-linked la-
beling, ISBAR-aligned scoring, and provenance-preserving
report generation, turning raw multimodal streams into
decision-ready evidence.
Empirically-grounded design insights for human-AI collabo-
ration in multimodal assessment that address tensions be-
tween automation efficiency and professional authority through
role-based Al scoping (error detection, post-hoc summariza-
tion) and mandatory provenance preservation, patterns po-
tentially transferable to other MMLA contexts requiring au-
ditability.

(3) Qualitative evidence from an in-learning pilot plus focus
group revealing three design tensions (assistance vs. author-
ity, structure vs. flexibility, evidence vs. overload) that con-
strain MMLA adoption in this high-stakes setting, along
with usage patterns and educator feedback that informed
concrete design refinements.

—~
S
~

2 Background and Related Work

2.1 From Debrief to Evidence: Current Practice

Debriefing is the primary learning phase in simulation training,
where participants reflect on actions and consolidate competencies
[12, 40]. Video-assisted debriefing can enhance self-awareness by
anchoring discussion in shared artifacts [2, 32], while annotation
marks events for review and reduces reliance on memory [33].
However, curating clips is time-consuming, repeated viewing may
induce stress, and practical frictions limit routine uptake [22, 35].
These constraints motivate learning-analytics approaches coupling
educator judgment with scalable, structured evidence.

2.2 Al and Multimodal Analytics in Simulation

Al, multimodal learning analytics (MMLA), and sensing technolo-
gies enable capture and analysis of complex behaviors in simulation-
based training [4, 16, 23]. Speech processing identifies communi-
cation patterns such as interruptions and silence gaps [18, 48],
while computer vision tracks pose, gaze, and movement to infer
engagement or hesitation [14, 43]. Interfaces translate analytics
into trajectory displays, teamwork dashboards, and narrative tools
[11, 13]. However, adoption constraints surface most clearly in
in-learning deployments [7, 34], highlighting needs for temporal
fidelity, alignment with structured frameworks, and educator con-
trol.

2.3 MMLA in Learning Analytics Research

The learning analytics community has advanced MMLA through
three streams. Frameworks for multimodal data orchestration estab-
lish design principles emphasizing stakeholder needs and workflow
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details.

integration [26, 31]. Sensor-based skill tracking reveals patterns
invisible to observers, such as hesitation in gesture sequences or
breakdown in collaboration rhythms [10, 44], yet automated in-
ference struggles with intent, leaving manual annotation as a bot-
tleneck. Trust and transparency research shows that opacity and
misalignment with professional judgment constrain uptake [38, 42].
ClinVision extends this work by operationalizing end-to-end work-
flow integration and documenting design tensions emerging in
consequential assessment practice.

2.4 ClinVision’s Positioning

Existing MMLA research demonstrates multimodal capture feasibil-
ity [30] and promise of educator-facing dashboards [11]. Three gaps
persist: (1) Fragmented pipelines: few operationalize end-to-end
workflow from capture to auditable reporting [43]. (2) Analytics
without assessment standards: dashboards rarely align with val-
idated frameworks (ISBAR [17]), limiting uptake for high-stakes
evaluation. (3) Opaque AI: work explores Al summaries [20] but
seldom addresses trust requirements [19, 25]. This motivates agentic
Al systems preserving human authority through explicit control.
Unlike fully automated assessment, agentic Al operates on educator-
authored artifacts, providing accept/edit/reject suggestions with
visible provenance. ClinVision addresses these gaps by integrating
end-to-end pipeline, validated standards, and agentic Al within
educator-controlled workflow.
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3 MMLA Challenges in Simulation-Based
Clinical Training

Simulation-based clinical training generates rich multimodal traces
(multi-camera video, audio, interaction events, monitoring streams)
that remain underused because three persistent challenges com-
plicate the transition from data collection to actionable feedback
[28, 30]. We articulate these challenges within surgical simulation
training, showing how they manifest as workflow breakdowns.

3.1 Challenge 1: Temporal Heterogeneity
Across Modalities

Multimodal capture involves streams with different temporal prop-
erties: video fps, continuous audio, discrete events (millisecond
precision), and human annotations. Two problems arise: synchro-
nization of streams from independent devices with clock drift [4],
and temporal fidelity during review (maintaining precise timing re-
lationships when analyzing recorded events)-educators debriefing
from memory lose access to precise event timing, making it difficult
to anchor feedback or measure response latencies [29].

In our surgical training center, sessions follow three phases: pre-
brief (10 min), simulated procedure (20-30 min), and debrief (30
min using frameworks like ISBAR). Educators rely on handwritten
notes or memory; video playback is cumbersome-manually scrub-
bing multiple unsynchronized feeds-often abandoned under time
pressure. This forces a choice between efficiency (memory-based)
and precision (time-intensive video review).
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3.2 Challenge 2: The Annotation Bottleneck

High-quality analytics depend on timestamped annotations linking
behaviors to assessment criteria [28]. In simulation, relevant be-
haviors are brief, overlapping, and multimodal-e.g., delayed sepsis
recognition inferred from speech hesitation (audio), extended gaze
at monitors (video), and failure to escalate (temporal gap). Manual
annotation is labor-intensive: educators in our partner center spend
30-45 minutes producing detailed, ISBAR-aligned feedback for a
25-minute scenario-a 2:1 ratio incompatible with routine use. Auto-
mated detection offers partial relief but cannot reliably infer intent;
speech recognition misses pragmatic failures (e.g., omitting patient
identifiers). Consequently, annotations remain sparse, inconsistent
across raters, and disconnected from structured rubrics [41].

3.3 Challenge 3: Trust, Transparency, and
Human Control

Al interest in automating assessment (feedback summaries, score
suggestions, flagging failures [20]) faces trust requirements: trans-
parency about what Al observed, how it reached conclusions, and
where human override is possible [19, 25]. In competency-based
medical education, assessments aggregate into high-stakes deci-
sions about progression and certification [29]; educators cannot
delegate to opaque systems yet need efficiency gains.

Our study context reveals skepticism toward “black-box” Al
combined with frustration at manual inefficiency. Educators want
assistance but insist on control over wording, emphasis, and scores.
They want to see evidence (video timestamp, transcript) justifying
Al claims and to edit or reject suggestions. Current tools rarely pro-
vide this: dashboards lack drill-down; summaries lack provenance
links; accept-or-reject workflows don’t support partial editing [19].

3.4 ClinVision’s Response: Multimodal Data
Infrastructure

ClinVision addresses these challenges through integrated infras-
tructure (Fig. 2): multi-camera video and audio ingestion, automated
de-identification and temporal alignment, relational storage link-
ing synchronized streams to timestamped annotations and ISBAR
evaluations, and educator-facing tools for annotation, scoring, and
templated report generation-with agentic Al assistance and role-
based access control.

Five complementary modalities address the challenges (We refer
to key challenges as C): (1) Multi-camera video (3-4 synchronized
cameras) provides complementary perspectives while preserving
temporal relationships (C1). (2) Audio capture (omnidirectional
microphones) enables assessment of communication clarity and
ISBAR structure, time-aligned with video. (3) Annotation time-
lines let educators mark key moments linked to ISBAR categories,
reducing effort by enabling deliberate annotation rather than real-
time capture (C2). (4) Structured ISBAR evaluations link scores
to supporting annotations and video evidence, standardizing assess-
ment language [17]. (5) Al-assisted phrasing suggests comments
and generates draft reports; all Al content is visibly labeled, editable,
and linked to source evidence via jump-to-timestamp buttons (C3).

A relational architecture centers on Session entities linking video
files, timestamped comments, ISBAR evaluations, and survey re-
sponses, preserving temporal fidelity so every observation traces
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to concrete timeline evidence (C1). Secure anonymized identifiers
protect participants; face blurring and masking of personally iden-
tifiable information are applied where appropriate. Once ingested,
streams are synchronized server-side and exposed via a web inter-
face supporting multi-camera playback, filters, search, and jump-to-
evidence-operationalizing the full MMLA pipeline [26, 45]. These
challenges informed the co-design process (Section 4), where edu-
cators translated them into concrete design requirements.

The platform is implemented as a web application with Python/Frappe

backend, React/TypeScript frontend, and MariaDB relational data-
base. HTTP range-request video streaming enables efficient play-
back of multi-camera sessions without requiring full file downloads,
while RESTful APIs connect frontend components to backend ser-
vices for session management, annotation persistence, and report
generation.

4 Design of ClinVision

We adopted human-centered design (HCD) to iteratively develop
ClinVision [5, 24, 46]. MMLA tools often fail when designers mis-
understand educator workflows, trust requirements in high-stakes
assessment, or the gap between analytics affordances and action-
able feedback [7, 19, 25]. Pilot deployments in our surgical sim-
ulation center confirmed feasibility of multi-camera capture and
synchronized playback, while revealing limitations mapping to the
three challenges: unsynchronized streams (C1), slow annotation
workflows (C2), and skepticism toward Al-generated text lacking
provenance (C3).

4.1 Co-Design with Educators and Practitioners

We convened 7 medical educators, 5 Al researchers, and 2 learning-
analytics experts for five months of iterative co-design (Table 1).
Three stages unfolded: W1-W2 identified pain points; W3-W4
refined wireframes and calibrated Al scope; W5-W6 validated
workflows. Thematic analysis [6] yielded design considerations
(Section 4.2) and features (Section 4.3).

Three design tensions. Workshop discussions (W3-W4) surfaced
three tensions. (1) Assistance vs. authority: educators wanted Al
efficiency but rejected automation overriding judgment. Workshop
W5 validated scoping Al to suggestion (not prescription). (2) Struc-
ture vs. flexibility: ISBAR standardization was valued, but rigid
rubrics created “impossible scores” for edge cases where learner
intent and environmental factors diverged. W6 piloted dual modes
(brief vs. detailed) to resolve this. (3) Evidence vs. overload: multi-
camera richness improved coverage but created review burden
when all streams displayed simultaneously. These tensions inform
six design considerations (D1-D6, Table 2) addressing MMLA chal-
lenges while operationalizing principles from learning analytics
and human-AlI interaction literature.

4.2 Design Instantiation: Features as Challenge
Resolutions

ClinVision’s four key capabilities instantiate D1-D6 to address the

three MMLA challenges (Fig. 3 shows the end-to-end educator-

controlled workflow from session selection through ISBAR scoring

to Al-assisted report generation):
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Table 1: Co-design process: five months of iterative development.

Stage Participants Methods Key Outcomes

W1-W2 7 educators, 5 A, 2LA  Workflow mapping, pain-point ~ Requirements; MMLA challenges; ISBAR alignment
analysis

W3-W4 Developers + 2 LA Wireframes, critiques Architecture validated; Al scope calibrated

W5 6 educators + dev + LA Hands-on trials ISBAR workflow validated; usability issues

W6 Full team Build review, templates Templates finalized; MVP agreed

Pilot 5 educators (in-learning) Real sessions, surveys Annotation value confirmed; provenance needs

Table 2: Design considerations for integrating multi-video review, structured evaluation, and AI assistance into debriefing.

ID

Consideration

Challenge Addressed & Rationale

Implementation in ClinVision

D1

Al assists, humans

C3 (Trust): Al acceleration valued but unvetted automation

All Al labeled, optional, editable; accept/edit/reject controls;

decide erodes authority. visible provenance; audit logs.

D2 Multi-video without C1 (Temporal heterogeneity): Multiple streams needed but ~Synchronized timelines; linked play/pause; quick camera
overload create cognitive burden. toggles; jump-to-moment navigation.

D3 Embed ISBAR in C2 (Annotation): Separate rubric mapping reduces Native ISBAR tags in timeline/forms; one-tap categorization;
workflow consistency and increases effort. ISBAR filters; aligned reports.

D4 Efficient & flexible C2 (Annotation): Full automation unreliable; educators Lightweight bookmarks/tags/notes; Al-assisted phrasing
annotation require control. (optional); reusable templates.

D5 Assistive Al across LA C2, C3: Accelerate workflow without replacing educator Al phrasing suggestions; ISBAR report drafts; pattern

D6

pipeline
Trust, transparency,
privacy by design

judgment.
C3 (Trust): Opaque systems and privacy breaches block
adoption.

surfacing; educator-controlled filters.
Human-in-the-loop approval; visible provenance;
de-identification; RBAC; audit trails.
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(1) Multi-video playback with timeline annotations (C1,
D2/D4): Synchronized multi-camera player with linked scrubbing;
timeline controls (zoom, jump-to-annotation, color-coded ISBAR
tags); timestamped comments categorized by ISBAR at annotation
time (Fig. 4).

(2) ISBAR evaluation interface (C2, D3): Ordinal scoring (0-3)
per category linked to annotations/timestamps; visual summaries
(bar charts, radar plots); freeform fields for edge cases that rigid
rubrics cannot capture [17] (Fig. 4).

(3) Al-assisted comment suggestions (C3, D1/D5/D6): A large
language model (Google Gemini 2.5 Flash) generates context-aware
phrasing suggestions for educator-authored annotations, using
the annotation text and ISBAR category as input context. Edu-
cators retain full control via accept/edit/reject mechanisms; all
Al-generated content displays visible provenance indicators (“Al-
suggested” badges, jump-to-evidence links).

(4) Templated report generation (C3, D5/D6): ISBAR-aligned
reports compiled from tagged comments/scores; each claim linked
to source evidence (timestamp, annotation, scorer ID); educators
review/refine before sharing [41].

5 In-learning Classroom Study

To evaluate whether ClinVision resolves the three MMLA chal-
lenges in authentic practice, we conducted an in-learning deploy-
ment. In-learning evaluation is critical because controlled studies
cannot capture workflow integration challenges, competing cog-
nitive demands, and trust dynamics that emerge when educators
use analytics for consequential decisions [7, 9, 34]. Our design
prioritizes ecological validity over experimental control.

The study took place at a university surgical simulation center.
Educators used ClinVision during post-scenario debriefing to re-
view performance, annotate key moments, and generate feedback
reports. All received guidelines on system usage and a short meet-
ing for tutorial to get familiar with the system. The study received
ethics approval.

5.1 Participants and Study Context

Five medical educators (E1-E5, with years of simulation training
experience in emergency medicine, surgery, or critical care) par-
ticipated. None had MMLA or Al-assisted assessment experience.
Each educator evaluated the same two pre-recorded simulation
sessions: a sepsis scenario requiring escalation and ISBAR hand-
off, and a anaphylaxis scenario requiring deterioration recognition
and multidisciplinary coordination. Both sessions were 20-25 min-
utes, captured by four synchronized cameras, and designed to elicit
observable ISBAR behaviors where memory-based evaluation typi-
cally misses temporal details.

5.2 Data Collection and Analysis

Data sources. Four data types were captured: (1) Annotation
logs: timestamped actions (start/stop, text, ISBAR categories, Al
acceptance/editing/rejection). (2) ISBAR assessment data: ordinal
scores (0-3) per category with timestamps and evidence spans. (3)
Post-session surveys: workflow ease, efficiency, and traceability.
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(4) Focus-group discussion: 60-minute semi-structured discus-
sion with all educators after both sessions, yielding 8,427 words
transcribed for thematic analysis. All data were de-identified [39].

Analytical approach. We triangulated annotation logs, surveys,
and focus-group transcripts [30]. For RQ1, we analyzed annotation
density (comments per session, timestamps per category), ISBAR
coverage (whether all five categories received at least one annota-
tion), and Al acceptance rates; thematic coding [6, 27] identified
consistency barriers. For RQ2, we analyzed educators’ reported
efficiency perceptions from surveys and thematic analysis of focus-
group discourse on workflow friction points, complemented by
timing patterns from annotation logs. For RQ3, we triangulated
Al logs (acceptance/editing/rejection rates) with focus-group re-
sponses on trust and acceptable Al use cases.

6 Results and Discussion

We present qualitative findings organized by research question,
integrating usage patterns from annotation logs with insights from
surveys and focus-group discussion. Our findings suggest that Clin-
Vision’s design addresses Challenge 1 (temporal heterogeneity) in
this context and partially addresses Challenge 2 (annotation bot-
tleneck), but exposes gaps in Challenge 3 related to interaction
sequencing, ISBAR temporal completeness, and Al role scoping.
Each subsection links results to the MMLA challenges and design
considerations from Sections 3 and 4.

6.1 RQ2: Effort, Flow, and the Interaction
Sequence Mismatch

Time-efficient review enabled by synchronization. Educators re-
ported completing evaluations more quickly than their typical prac-
tice and found the time investment manageable for routine use. An-
notation logs showed that educators created multiple timestamped
annotations per session, with most annotations created during ini-
tial review phases, suggesting front-loaded attention to critical
moments followed by rapid ISBAR scoring. All educators noted
that synchronized playback and timeline navigation enabled delib-
erate, evidence-anchored review within practical time constraints.
One educator (E2) stated: “Before, I'd be frantically scribbling notes
while the scenario was running, then trying to remember what
happened when. Now I can pause, rewind, mark the exact mo-
ment, and move on.” This shift from irreversible real-time capture
to deliberate, evidence-anchored review suggests that ClinVision
addresses Challenge 1 (temporal heterogeneity) by making synchro-
nized multi-camera review practical within debrief time constraints.

Critical usability friction: forced interaction sequence. However,
efficiency gains were constrained by a critical usability issue around
forced sequencing of annotation actions. The system required en-
tering comment text before the Start button became active, contra-
dicting educators’ natural mental model: observe event, mark start
timestamp, articulate observation, assign priority, mark end times-
tamp. This mismatch, which mirrors Klein’s Recognition-Primed
Decision model [21] where experts first recognize patterns then
articulate reasoning, induced repeated errors even after educators
understood the constraint. Educators reported frequent attempts
to click Start before entering text, requiring workarounds such as
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typing placeholder characters (periods, “x”) to unlock timestamp-
ing functionality, a strategy they recognized as “incongruous” and
“frustrating” (E3, E5).

Cognitive load from simultaneous interface elements. Beyond se-
quencing, educators reported divided attention across multiple
simultaneous interface elements: video playback, audio monitoring,
timestamp controls, comment composition, Al suggestion panels,
color-label selection, and ISBAR scoring. This cognitive load was
compounded during rapid scenario events, where educators needed
to decide whether to capture an observation immediately or risk
missing the temporal window. The pattern confirms that D2 (multi-
video without overload) remains partially unresolved: progressive
disclosure, surfacing controls in task-aligned sequence, is needed
to reduce friction and accelerate the learning curve.

6.2 RQ1: Evidence Creation, Consistency, and
ISBAR’s Temporal Gaps

Full ISBAR coverage achieved. Analysis showed full ISBAR cover-
age across all educator reviews, with all five categories annotated
in both sessions by all educators. Educators contrasted this with
their traditional practice, where ISBAR application was often incon-
sistent or incomplete, suggesting that D3 (embed ISBAR in work-
flow) addresses Challenge 2 (annotation bottleneck). In the focus
group, educators noted that native ISBAR tagging during annota-
tion, rather than post-hoc mapping, reduced cognitive overhead: “I
don’t have to remember which parts are Identification versus Situ-
ation; I tag them as I see them” (E4). The ISBAR filter and aligned
reports reinforced this structure throughout the workflow, making
rubric-aligned evidence capture the path of least resistance rather
than an additional step.
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Temporal dimensions missing from current interface. However,
educators identified a fundamental mismatch: the scoring interface
conflates three temporal dimensions: (i) recognition that ISBAR is re-
quired (binary event + timestamp), (ii) latency from cue to initiation
(interval in seconds), and (iii) execution quality (ordinal/checklist)
into a single 0-3 scale. This creates “impossible scores” for edge
cases. For example, one educator (E3) described a scenario where
a learner correctly recognized the need for escalation but did not
receive prompting from the senior clinician when expected: “Do
I score that as zero because it didn’t happen, or as two because
they recognized it? The rubric doesn’t let me capture both.” Such
cases force arbitrary choices that undermine validity. ClinVision
captures the data (timestamped annotations marking recognition
moments, intervals between cue and action) needed to compute
these dimensions separately, but the interface does not expose them
as first-class controls in the scoring panel.

Concerns about inter-rater consistency. Despite full ISBAR cover-
age, educators anticipated high inter-rater variance without explicit
behavioral anchors. Multiple participants noted that scoring de-
cisions required “intuition” rather than observable criteria, and
expressed doubt that independent raters would converge on similar
scores for the same video segment. Note that we did not measure
actual inter-rater reliability in this study; these are educator percep-
tions rather than quantified agreement. Educators recommended:
(i) support for both validated ISBAR instruments (5-point global
rating for rapid formative assessment vs. 30-item checklist for sum-
mative evaluation [15]), and (ii) brief hands-on calibration training
using shared clips before deployment. Challenge 2 is only partially
resolved: ClinVision accelerates annotation and ensures full rubric
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coverage, but would require temporal fields, explicit anchors, and 6.3 ROQ3: Actionability, Traceability, and Al
empirical IRR validation for program-level assessment [41]. Assistance Limits

High Al rejection rates reveal trust barriers. Al suggestion logs
and focus-group analysis revealed predominantly low acceptance
of Al suggestions, with educators frequently editing or rejecting

681



Empowering Multimodal Learning Analytics using Agentic Al: A Comprehensive Platform for Simulation-based Clinical Traininglkv2trénfgdligTt-Abags8in@oR6, Bergen, Norway

Al-generated content. Three reasons emerged. First, generic pre-
written comment templates lacked scenario-specific detail and of-
ten mischaracterized clinical context, for example suggesting pro-
cedural feedback when the issue was communication. Educators
found themselves deleting template text rather than editing it, negat-
ing any efficiency gain. Second, real-time sentiment-classification
pop-ups interrupted workflow; educators consistently dismissed
these prompts as “distractions” (E2, E4) that added cognitive load
during moments requiring focused attention on video content.
Third, and most critically, any Al-generated text that replaced or
obscured the educator’s original wording was perceived as under-
mining professional judgment and “erasing my voice” (E1). One
educator stated: “If I write something and the system changes it,
that’s no longer my feedback, it’s the machine’s version of what I
meant”

Acceptable Al use cases: background, not prescription. Despite
high rejection rates, educators did not reject Al assistance in princi-
ple. Instead, they proposed two acceptable use cases that preserve
authority while accelerating workflow. The first is error detection:
if an educator applies a negative color label to text that language
models interpret as clearly positive (or vice versa), a non-modal
alert could prompt review without blocking workflow. The second
is post-hoc summarization: after educators complete timestamped
annotations, Al-generated draft summaries, clearly labeled, fully
editable, and linked to source annotations with jump-to-evidence
buttons, could accelerate report preparation while maintaining
human control over final wording and emphasis. This shift from
real-time prescription to background augmentation aligns with
trustworthy AI frameworks [19, 25], resolving the assistance-vs-
authority tension by scoping Al to support rather than replace
professional judgment.

Provenance valued but underutilized. Educators valued jump-to-
evidence features (linking report claims to video timestamps) for
supporting traceability and noted using them during report review.
However, educators emphasized that provenance indicators were
not prominent enough during Al suggestion review, making it
difficult to assess why the Al made a particular suggestion. This
gap constrains actionability: while the infrastructure for auditable
feedback exists, the interface does not foreground provenance suffi-
ciently to build trust in Al-assisted content. Addressing Challenge 3
(trust and transparency) requires not only technical provenance but
also interface design that makes evidence pathways immediately
visible.

6.4 Implications for MMLA Design and Practice

Our findings yield both theoretical implications for the MMLA re-
search community and concrete design refinements for ClinVision’s
next iteration.

Four cross-cutting implications. (1) Temporal fidelity requires
temporal tools: Educators distinguished recognition, latency, and
execution, collapsed in traditional rubrics. MMLA platforms must
expose temporal primitives (event detection, intervals, sequences)
as first-class data types, not post-hoc annotations.

(2) The multimodal evidence paradox: Richer data improve
evidence quality but worsen cognitive load. Progressive disclosure,
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surfacing controls in task-aligned sequence, resolves this better than
simultaneous display. The forced text-before-timestamp sequenc-
ing illustrates how violating domain-specific task decomposition
creates persistent friction.

(3) Trustworthy Al requires role clarity: Educators rejected
Al that replaced judgment but valued Al that accelerated workflow.
Design principle: agentic Al should operate on educator-authored
artifacts, not generate assessments de novo. Real-time prescription
erodes trust; background augmentation preserves authority.

(4) Standards enable and constrain: ISBAR ensured full cover-
age yet created “impossible scores” for edge cases. Reusable frame-
works must include escape valves to preserve validity. The structure-
vs-flexibility tension requires flexible instrumentation adapting to
scenario diversity.

Five concrete refinements. Based on these insights, we identified
five refinements that will be implemented in the next iteration: (i)
resequenced annotation workflow supporting educators’ natural
observe-mark-articulate mental model by enabling Start button
activation before text entry; (ii) scenario-aware ISBAR instrumen-
tation providing behavioral anchors for consistent scoring plus dual
modes (5-point global rating for formative use vs. 30-item checklist
for summative evaluation); (iii) time-aware fields exposing tempo-
ral primitives (recognition timestamp, response latency, external
prompting presence) as first-class scoring controls rather than col-
lapsing them into ordinal scales; (iv) background Al assistance
replacing real-time pop-ups with post-annotation summarization
and error-detection alerts that preserve educators’ original wording
while accelerating report preparation; and (v) calibration training
workshops using shared video clips to establish inter-rater relia-
bility baselines before program-scale deployment, with periodic
spot-checks to detect scoring drift.

6.5 Limitations and Future Work

Our single-site qualitative study (5 educators, 2 sessions) offers
rich in-learning description but limited generalizability; findings
should be interpreted as exploratory insights rather than confirma-
tory evidence. The study design prioritized ecological validity over
experimental control, capturing authentic workflow integration
challenges at the cost of statistical power. We did not measure inter-
rater reliability quantitatively; educator concerns about consistency
are perceptions rather than empirical agreement coefficients. Three
research opportunities emerge: (1) Multi-site validation: Test
whether temporal dimensions and Al acceptance patterns gener-
alize across diverse scenarios, clinical specialties, and assessment
frameworks. (2) Longitudinal learning curves: Determine if us-
ability frictions persist with extended use or resolve as educators
develop expertise with the interface. (3) Inter-rater reliability
studies: Quantify whether time-locked annotations and calibra-
tion training improve scoring consistency compared to traditional
methods, establishing psychometric foundations for program-scale
deployment where aggregated assessments inform progression de-
cisions.
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6.6 Beyond Clinical Simulation: Transferability
to Other MMLA Contexts

While our study focuses on clinical training, three findings appear
transferable to high-stakes MMLA domains requiring professional
judgment and accountability.

Design Tension 1 (Assistance vs. Authority) maps to contexts
where expert interpretation cannot be delegated: teaching observa-
tion, sports coaching [44], workplace training [10]. The principle
that Al should operate on human-authored artifacts, not generate
assessments from scratch, likely generalizes wherever provenance
matters [19, 25].

Design Tension 2 (Structure vs. Flexibility) parallels tensions
in using rubrics for formative assessment across disciplines [36].
Our finding that rigid frameworks create “impossible scores” for
edge cases echoes validity concerns: standardization improves con-
sistency but may sacrifice nuance [41]. The underlying insight trans-
fers: MMLA platforms that capture fine-grained temporal data must
expose temporal primitives (event timestamps, intervals, sequences)
as first-class interface elements, not collapse them into summary
metrics. This design principle applies to any time-sensitive assess-
ment domain: response latency in crisis management, turn-taking
in collaborative learning [11], or cueing in embodied skill training
[44].

Design Tension 3 (Evidence vs. Overload) is well-documented
in dashboard design for learning analytics [38, 42]. Our specific in-
sight, that progressive disclosure matching expert mental models re-
duces friction better than presenting all modalities simultaneously,
extends prior work to video-heavy contexts. The usability issue we
uncovered (forced text-before-timestamp sequencing contradicting
educators’ observe-then-mark mental model) illustrates a broader
principle: MMLA interaction design should align with domain-
specific task decomposition, not impose generic annotation-tool
conventions. This likely transfers to other video analytics contexts
where timing and sequencing matter [31].

Domain-specific elements such as clinical communication frame-
works (ISBAR), scenario types, and regulatory requirements re-
quire local adaptation. However, the design tensions, resolution
strategies, and underlying workflow principles appear robust across
high-stakes MMLA contexts that demand auditability, professional
authority, and temporal precision.

7 Conclusion

ClinVision operationalizes the end-to-end MMLA pipeline for
simulation-based clinical training. Co-designed with seven educa-
tors and evaluated in-learning with five educators, the platform
offers qualitative evidence suggesting that workflow integration,
not analytics alone, may drive adoption in high-stakes settings.
Triangulating usage logs, surveys, and focus-group analysis, we
contribute MMLA insights along three dimensions: (1) Address-
ing MMLA challenges in this context: Synchronized playback
enabled deliberate review; ISBAR interfaces ensured full rubric cov-
erage but exposed needs for temporal fields and behavioral anchors;
background Al assistance (not real-time prescription) preserved
authority. (2) Design tensions: We surface assistance vs. authority,
structure vs. flexibility, and evidence vs. overload, tensions that
may transfer to other auditable MMLA contexts where professional
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judgment cannot be delegated. The design principles we identify (Al
operating on human-authored artifacts, temporal primitives as first-
class controls, progressive disclosure matching task decomposition)
offer actionable guidance for MMLA researchers. (3) Research
agenda: in-learning findings reveal interaction mismatches, tem-
poral gaps in rubrics, and trust requirements that controlled studies
rarely surface, framing multi-site, longitudinal, and inter-rater re-
liability studies needed to establish validity and impact. Looking
forward, MMLA adoption depends not only on algorithmic sophis-
tication but on human-centered design that preserves professional
authority, makes evidence pathways transparent, and closes the
loop from data collection to actionable feedback.
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