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Abstract

Assessing learner competency in clinical simulation re-001
quires expert observation that is time-intensive, difficult to002
scale, and subject to inter-rater variability. While mul-003
timodal learning analytics has emerged as a promising004
direction, the contributions of individual modalities re-005
main underexplored. We investigate what vision perspec-006
tive alone can reveal by proposing a three-stage frame-007
work that (1) extracts action timelines from egocentric008
nursing simulation video using frozen visual encoders and009
few-shot learning, (2) derives sequence-level features and010
per-session recognition metrics, and (3) relates these to011
instructor-rated competency. Across 22 densely annotated012
sessions (3.8 hours, 493 actions), a frozen DINOv2 back-013
bone with HMM Viterbi decoding achieves 57.4% MOF in014
leave-one-out 1-shot recognition. Surprisingly, we observe015
a negative trend between recognition accuracy and compe-016
tency (ρ = −0.524, p = 0.012 for mIoU), robust to six con-017
found controls: more competent students produce diverse,018
harder-to-classify workflows, while simple sequence fea-019
tures show no such relationship. Per-item analysis identifies020
patient safety protocols and team communication as the ex-021
pected behaviors most reflected in this pattern, and process022
model comparisons reveal that high-competency students023
exhibit more protocol-consistent action transitions. These024
findings suggest that recognition accuracy may complement025
predicted action timelines as a pedagogically informative026
signal in automated competency assessment.027

1. Introduction028

Across education and workforce training, a central goal is029
to determine whether learners have developed the knowl-030
edge, skills, and judgment needed to perform effectively031
in practice, a quality broadly termed competency [32, 46].032
In domains defined by skilled physical performance, com-033
petency assessment requires expert observation of context-034
dependent behaviors that unfold over time [10]. The conse-035

quences of undetected gaps are especially acute in clinical 036
education, where medication administration errors remain 037
among the most common preventable adverse events, of- 038
ten rooted in procedural lapses missed during training [17]. 039
Simulation-based learning addresses this by letting students 040
practice clinical skills without risk to real patients [17, 22], 041
but competency encompasses not just executing procedures 042
correctly but doing so in an appropriate sequence, with 043
complete safety checks and fluid task transitions [10, 26]. 044
Instructors assess each session using standardized instru- 045
ments such as the Creighton Competency Evaluation Instru- 046
ment (C-CEI) [44] that map observable behaviors to compe- 047
tency constructs (e.g., clinical judgment, patient safety) [1, 048
26]. This model faces two structural constraints: expert ob- 049
servation cannot scale with growing cohorts [3], and inter- 050
rater reliability remains only moderate to substantial even 051
among trained faculty [20, 23]. Multimodal Learning Ana- 052
lytics (MMLA) [6, 9] has emerged as a promising response, 053
integrating video, audio, physiological signals, and inter- 054
action logs to study learning processes at scale [2, 37]. 055
However, in the context of nursing simulation competency, 056
the contributions of individual modalities remain underex- 057
plored. As a first step, we focus on vision [43] to investigate 058
what this modality can reveal. 059

Video captures what learners do, how they move, and 060
what objects they interact with, all without requiring in- 061
strumented environments. Recent advances in first-person 062
video understanding have made egocentric recordings es- 063
pecially compelling [15]. Head-mounted cameras provide 064
an unobstructed, hands-proximal view of what a student at- 065
tends to and acts upon, and when paired with gaze sens- 066
ing [7, 21], can reveal attentional patterns linked to errors in 067
skilled activities [27]. As shown in Fig. 1, this perspective 068
captures the full behaviors of a clinical encounter, from how 069
students hold a medication bottle to which device they use 070
for dosage calculation, preserving precisely the signatures 071
that distinguish novice from expert workflows. 072

Medication administration is an ideal proving ground be- 073
cause competence is inherently sequential: correct actions 074
in the wrong order, or with safety steps omitted, consti- 075
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Figure 1. Example images of checking the patient screen, calculating dosage, and preparing medication from simulation videos of five
nursing students. Students A, B, and E use phones for dosage calculation, whereas students C and D use handheld calculators. During
medication preparation, students C and E use a dark brown medicine bottle, while students A, B, and D each use a different bottle and hold
it differently. More details of the simulation procedure are in App. A.

tute a clinical error [22]. The annotation codebook used in076
this study was developed around the medication administra-077
tion workflow, drawing on established nursing competency078
measurement tools [36], and captures fine-grained actions079
such as dosage calculation. The C-CEI rubric maps ex-080
pected behaviors to broader competency constructs across081
the full clinical encounter; vision-based analysis can speak082
directly to the former, while the latter requires instructor083
judgment. Applying egocentric video understanding to this084
setting, however, introduces domain-specific challenges:085
clinical action vocabularies are absent from standard bench-086
marks [5, 8], cohorts are small due to privacy constraints,087
and models pre-trained on real bodies face a domain gap088
with simulation mannequins. While surgical education has089
demonstrated that AI can recognize operative phases and090
classify skill levels from laparoscopic recordings [24], that091
work assumes data-rich, fixed-camera environments. Nurs-092
ing simulation differs in that the recording is egocentric, co-093
horts are governed by IRB constraints, and competency is094
holistic rather than tied to a single technical procedure. Yet095
these difficulties may not be purely noise. Research in sur-096
gical skill assessment has found that automated classifiers097
perform worse on higher-skilled practitioners [41], and that098
temporal patterns of action execution capture skill level bet-099
ter than outcome measures alone [47]. This raises the possi-100
bility that recognition accuracy itself carries a pedagogical101
signal, with lower accuracy reflecting the diverse workflows102
of more competent students.103

This gap motivates the present work to investigate104
whether egocentric video, analyzed through frozen visual105
encoders and few-shot learning, can serve as the basis for106
automated competency assessment in nursing simulation.107
Specifically, we ask whether action timelines can be re-108

liably extracted from first-person clinical video under ex- 109
treme low-data constraints; whether the resulting sequence 110
features and recognition difficulty relate to instructor-rated 111
competency; and whether temporal action patterns differ 112
between high- and low-performing students. To answer 113
these questions, we propose a three-stage framework that 114
extracts action timelines, analyzes their sequential structure, 115
and relates sequence features and recognition accuracy to 116
competency scores across 22 densely annotated sessions. 117

Research Questions. 118

RQ1. To what extent can few-shot action recognition iden- 119
tify clinical actions in egocentric nursing simulation 120
video? (§5.1) 121

RQ2. To what extent do automatically extracted ac- 122
tion sequences and recognition difficulty relate to 123
instructor-rated competency, and which expected be- 124
haviors on the C-CEI are most reflected in vision- 125
based action analysis? (§5.2) 126

RQ3. What temporal action patterns distinguish high- from 127
low-performing students? (§5.3) 128

Contributions. This work advances competency assess- 129
ment from egocentric video through three contributions: 130

1. Few-shot clinical action recognition. We show that 131
frozen DINOv2 features with HMM Viterbi decod- 132
ing achieve 57.4% MOF in leave-one-out 1-shot action 133
recognition of egocentric nursing simulation video, es- 134
tablishing feasibility under extremely low-data condi- 135
tions without any fine-tuning. 136

2. Classification difficulty to competency. We observe 137
a negative trend between recognition accuracy and 138
instructor-rated competency (ρ = −0.524, p = 0.012 139
for mIoU), robust to six confound controls. Per-item 140
analysis identifies expected behaviors related to patient 141
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safety protocols and team communication as the C-CEI142
items most reflected in this pattern.143

3. Temporal workflow analysis. Process model com-144
parisons from ground-truth action sequences show145
that high-competency students exhibit more diverse,146
protocol-consistent action transitions, delineating the147
boundaries of unimodal video-based assessment.148

2. Related Work149

Computer vision for clinical skill assessment. Deep150
learning has been applied extensively to surgical work-151
flow recognition and skill evaluation from operative video,152
including tool detection and phase recognition [45], di-153
rect skill classification from video [13], fine-grained ac-154
tion triplet recognition [29], and scalable objective assess-155
ment of technical skill [14, 16]. These studies highlight156
the promise of video-based clinical assessment, but most157
are developed in data-rich surgical settings with fixed cam-158
eras and relatively controlled workflows. In contrast, our159
setting is egocentric and small-scale, and the goal is to as-160
sess holistic nursing competency rather than isolated tech-161
nical skill. Computer vision for education and learn-162
ing analytics. MMLA integrates video, audio, physio-163
logical signals, and interaction logs to study learning pro-164
cesses [30]. Within this paradigm, vision has been used165
to detect learning-relevant affective states [4], align neural166
attention with human gaze [42], analyze embodied class-167
room learning [11, 12], and model student interaction se-168
quences [40]; a recent review surveys multimodal meth-169
ods across adult training environments, including nursing170
simulation [38]. We focus on a single modality (egocentric171
video) to establish what vision alone can reveal about clin-172
ical competency. Few-shot and temporal action recogni-173
tion. Prototype networks enable classification with mini-174
mal labeled examples. Temporal action segmentation has175
advanced rapidly on standard benchmarks [8], and large-176
scale egocentric datasets [15] together with self-supervised177
encoders such as DINOv2 [31] provide strong frozen rep-178
resentations. We combine prototype matching with HMM179
Viterbi decoding [33] for temporal segmentation under ex-180
treme low-data clinical conditions.181

3. Problem Formulation182

Let V = {V1, . . . , VN} denote a set of N egocentric video183

sessions, where each session Vi = (f
(1)
i , f

(2)
i , . . . , f

(Ti)
i )184

consists of Ti ordered frames, where i ∈ {1, . . . , N} in-185
dexes the session and t ∈ {1, . . . , Ti} indexes the frame.186
Each video is associated with an instructor-assigned com-187
petency score vector ci ∈ R23 across 23 expected behav-188
iors on the C-CEI rubric (App. B), of which 11 correspond189
to video-observable actions; the mean of these 11 items190
yields the overall competency percentage used for associ-191

ation analyses. Not all items are rated for every session, so 192
some entries of ci are missing. 193
Stage 1: Action Recognition. Given a clinically grounded 194
action taxonomyA = {a1, . . . , aK , a∅} comprising K=16 195
clinical action classes and one background class a∅ (17 la- 196

bels total), the goal is to assign each frame a label y(t)i ∈ A, 197

producing a frame-level prediction ŷi = (ŷ
(1)
i , . . . , ŷ

(t)
i ). 198

A frozen encoder ϕ extracts per-frame features z
(t)
i = 199

ϕ
(
f
(t)
i

)
, which are matched against class prototypes com- 200

puted from a support set S of labeled exemplars sampled 201
from held-out sessions: 202

ŷi = Decode
(
sim(ϕ(Vi), P(S))

)
, (1) 203

where P(S) computes class prototypes from the support 204
set [39] (Sec. 4.1) and Decode applies HMM Viterbi de- 205
coding [33] to enforce temporally coherent label sequences. 206
We evaluate ŷi against ground-truth annotations y∗

i using 207
frame-level accuracy (MOF), mean intersection-over-union 208
(mIoU), and segmental F1 (RQ1). 209
Stage 2: Sequence Analysis. From the predicted 210
frame-level labels ŷi, we collapse contiguous same- 211
label frames into an ordered action sequence si = 212(
(c

(1)
i , d

(1)
i ), . . . , (c

(Li)
i , d

(Li)
i )

)
of Li segments (l ∈ 213

{1, . . . , Li}), where c
(l)
i ∈ A \ {a∅} is the action label and 214

d
(l)
i is the segment duration in frames. From this sequence 215

we derive two families of features used in subsequent anal- 216
yses: (1) action transition frequencies, which capture the 217
pairwise flow between clinical actions, and (2) per-video 218
recognition metrics (MOF, mIoU, F1), which summarize 219
how well the classifier fits each session. 220
Stage 3: Competency Analysis. Given the small sample 221
size (N = 22) and the pedagogical requirement for trans- 222
parent feedback, we map sequence features to competency 223
scores using Spearman rank association. To disentangle 224
action detection errors from the intrinsic limits of vision- 225
based assessment, we evaluate under both oracle (features 226
from ground-truth y∗

i ) and predicted (features from ŷi) con- 227
ditions. Per-item analysis examines which expected be- 228
haviors are captured by action sequences alone, and com- 229
parison of ground-truth action transition graphs across per- 230
formance groups identifies discriminative temporal patterns 231
(RQ2, RQ3). 232

4. Method 233

We collect egocentric video from 22 nursing students, each 234
performing a single standardized pediatric simulation on 235
high-fidelity mannequins. Each session captures one stu- 236
dent’s complete first-person view of the clinical encounter, 237
recorded via egocentric glasses at 25 FPS. Sessions range 238
from 4 to 24 minutes (mean 10.5 min, total 3.8 hours). 239

Each session is annotated across three temporal layers by 240
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Ground-Truth
y∗
i

Stage 1: Action Recognition

Segment
Extraction

Action
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Figure 2. Overview of the proposed three-stage framework. Gray boxes denote inputs, orange boxes denote processing modules, green
boxes denote outputs, and blue boxes denote supervision or reference signals. Solid arrows indicate the forward inference flow, while
dashed arrows indicate supervision or oracle guidance. The three stages perform action timeline prediction, action sequence construction,
and competency assessment, respectively.

a trained coder using the NOVA annotation system: (1) Be-241
haviors (3 classes: Introduction, Assessment, Administra-242
tion), (2) Actions (K = 16 fine-grained clinical classes plus243
one background class a∅ for unannotated frames, yield-244
ing 17 labels total; see App. C), and (3) Communication245
(Patient, Family, Provider). The Action layer, containing246
493 annotated clinical segments, serves as the primary tar-247
get for few-shot recognition. Each session is independently248
rated by an expert instructor across 23 expected behaviors249
using the C-CEI rubric (App. B), of which the 11 video-250
observable items yield the overall competency percentage251
used throughout this study. Inter-rater reliability was as-252
sessed on 3 stratified videos (low/median/high competency)253
independently annotated by a second rater, yielding sub-254
stantial agreement (mean Cohen’s κ = 0.708; App. F).255

4.1. Stage 1: Action Recognition256

Feature extraction. We extract frame-level features from257
each video using a frozen backbone encoder. For each258

frame f (t)
i , we obtain a feature vector z(t)i = ϕ

(
f
(t)
i

)
∈ RD,259

followed by L2 normalization: z
(t)
i ← z

(t)
i /∥z(t)i ∥. We260

evaluate three backbones: (1) ResNet-50 [18] (ImageNet-261
supervised, D = 2048), (2) DINOv2 ViT-B/14 [31] (Im-262
ageNet self-supervised, D = 768), and (3) CLIP ViT-263
B/16 [34] (vision-language contrastive, D = 512). All264
backbones are frozen with no fine-tuning.265

Prototype computation. In the cross-sample (leave-266
one-out) setting, we construct class prototypes from the267
N−1 support sessions following the prototypical network268
paradigm [39]. For each support session Vj and each class269
k present in that session, we randomly sample n labeled270
frames and compute a per-session centroid µk,j , which is271
then L2-normalized. Because not every session contains272
every action class, the global prototype for class k is ob-273
tained by averaging the normalized centroids only over ses-274
sions that contain that class: pk = 1

|Jk|
∑

j∈Jk

µk,j

∥µk,j∥
,275

where Jk is the set of sessions containing class k. The276
per-session normalization ensures each session contributes277
a unit-direction vector, preventing sessions whose sampled278
frames are more self-consistent from dominating the pro-279

totype direction. The aggregated prototype is then L2- 280
normalized again to ensure it lies on the unit sphere, since 281
the mean of unit vectors is not itself unit-length in gen- 282
eral. As an alternative, we also evaluate a clustered strat- 283
egy in which all support frames for each class are pooled 284
and partitioned into k=3 sub-centroids via k-means; each 285
query frame is then assigned to the class of its nearest sub- 286
centroid. 287

Classification. Each query frame is scored against all pro- 288
totypes (including the background class a∅) via cosine sim- 289
ilarity. Rather than committing to a hard per-frame label at 290
this stage, the continuous similarity scores are passed di- 291
rectly to the temporal smoothing step below, which jointly 292
optimizes over the entire sequence. 293

Temporal smoothing. We apply HMM Viterbi decod- 294
ing [33] to enforce temporally coherent label sequences. 295
The transition matrix A is learned from support session la- 296
bel sequences with Laplace smoothing, prior probabilities 297
π are estimated from action start frequencies, and emis- 298
sion log-probabilities are computed as temperature-scaled 299
(τ = 5, selected via grid search on held-out folds; values in 300
the range 5–10 are standard for cosine-prototype matching 301
in few-shot settings [39]) log-softmax of cosine similarities: 302

logP (z
(t)
i | ak) = τ · cos

(
z
(t)
i ,pk

)
− log

∑
k′

exp
(
τ · cos

(
z
(t)
i ,pk′

))
.

(2) 303

The Viterbi algorithm [33] then recovers the optimal la- 304

bel sequence ŷi = (ŷ
(1)
i , . . . , ŷ

(Ti)
i ) by selecting, at each 305

time step, the action label that jointly maximizes the cu- 306
mulative sum of emission log-probabilities and transition 307
log-probabilities over the entire sequence, thereby enforc- 308
ing clinically plausible transitions rather than treating each 309
frame independently. This smoothed timeline is the final 310
output of Stage 1 (Sec. 4.1) and the prediction used in all 311
subsequent analyses (Sec. 4.2–4.3). 312
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4.2. Stage 2: Sequence Analysis313

From the frame-level predictions ŷi, we collapse contigu-314
ous same-label frames into an ordered sequence of action315
segments via run-length encoding, discarding segments be-316
low a minimum duration threshold and removing back-317
ground segments. From the resulting clinical action se-318
quence we compute two families of features. First, we tab-319
ulate pairwise action transition frequencies, which record320
how often each action class is followed by every other class321
within a session; these frequencies form the basis of the pro-322
cess model comparison in Sec. 5.3. Second, we retain the323
per-video frame-level recognition metrics (MOF, mIoU, F1)324
computed during Stage 1, which serve as summary mea-325
sures of how well the classifier fits each session and are used326
in the competency analysis (Sec. 5.2).327

4.3. Stage 3: Competency Analysis328

Given the small sample size and the pedagogical need for329
transparency, we employ Spearman’s rank correlation to330
test the relationship between sequence-level features and331
video-observable competency scores (11 items). To assess332
robustness, we compute partial associations controlling for333
potential confounds (annotation coverage, video duration,334
segment count). Per-item analysis examines which of the335
23 expected behaviors are most reflected in recognition ac-336
curacy. Process model analysis (Heuristics Miner) visual-337
izes action transition graphs for high- and low-competency338
groups to identify differences in clinical workflows.339

5. Results340

5.1. RQ1: Few-Shot Clinical Action Recognition341

We evaluate few-shot action recognition under two set-342
tings: within-sample, where support and query frames are343
drawn from the same video, and cross-sample (leave-one-344
out), where the model must generalize to entirely unseen345
sessions. We report three standard temporal action segmen-346
tation metrics: mean-over-frames accuracy (MOF), mean347
intersection-over-union (mIoU), and segmental F1 score.348

5.1.1. Within-Sample Evaluation349

In the within-sample setting, for each of the 22 videos, n350
frames per action class are randomly sampled as support351
prototypes (where n denotes the shot count); the remain-352
ing frames serve as the query set. Tab. 1 reports within-353
sample performance across five shot counts. Recognition354
quality improves substantially with more support examples,355
with the largest gain between 1 and 3 shots. Performance356
plateaus around 10–15 shots, indicating that even a mod-357
est number of labeled exemplars enables reliable within-358
sample segmentation and that the bottleneck lies in cross-359
session generalization rather than representation capacity.360

5.1.2. Cross-Sample Evaluation 361

The more challenging and practically relevant setting is 362
cross-sample evaluation, where the model must generalize 363
to entirely unseen sessions with unseen participants. We 364
adopt a leave-one-out protocol across all 22 sessions: in 365
each of 22 folds, one session is held out as the query video, 366
and class prototypes are constructed from the remaining 21 367
support sessions using prototype computation (Sec. 4.1). 368
We vary the shot count n ∈ {1, 3, 5, 10, 15} frames sam- 369
pled per class per session to examine how prototype quality 370
scales with the support budget. The query video is classified 371
frame-by-frame via cosine similarity followed by HMM 372
Viterbi decoding. 373

Tab. 2 reports cross-sample performance for DINOv2, 374
ResNet-50 and CLIP across five shot counts (1, 3, 5, 375
10, 15), comparing mean and clustered prototype strate- 376
gies. DINOv2 with mean prototypes consistently outper- 377
forms all other configurations, achieving its best perfor- 378
mance at 10 shots (65.6% MOF, 45.1% mIoU, 41.9% F1). 379
Mean prototypes substantially outperform clustered proto- 380
types across both backbones, indicating that splitting each 381
class into multiple sub-centroids introduces false matches 382
under the few-shot budget. DINOv2 consistently outper- 383
forms ResNet-50 and CLIP across all shot counts and met- 384
rics, suggesting that self-supervised vision transformer fea- 385
tures offer better discrimination of fine-grained hand-object 386
interactions in clinical settings. 387

Comparing Tab. 2 with Tab. 1, the cross-sample set- 388
ting shows substantially lower performance than within- 389
sample at the same nominal shot count n. Importantly, these 390
are not directly comparable in terms of total support data: 391
within-sample uses n frames per class from a single video, 392
whereas cross-sample pools n frames per class from each 393
of 21 sessions, yielding 20 times more support frames per 394
class overall. Despite this 21× larger support budget, cross- 395
sample performance lags behind, underscoring that the gap 396
is driven by participant-level domain shift (differences in 397
student appearance, camera angle, pace, and workflow or- 398
dering across individuals) rather than insufficient support 399
data. Yet the following sections show that this recognition 400
variability is itself pedagogically informative. 401

5.2. RQ2: Action Sequences, Competency, and Per- 402
Item Analysis 403

To investigate whether extracted action recognition metrics 404
carry information related to instructor-rated competency, 405
we compute Spearman rank associations between per-video 406
recognition metrics obtained from cross-sample (leave-one- 407
out) evaluation using the best model (DINOv2 + HMM, 408
10-shot) and the overall competency score (mean of the 11 409
video-observable rubric items; see Sec. 3). 410
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Table 1. Within-sample few-shot action recognition. For each video, n frames per action class are sampled as prototypes, and the remaining
frames serve as the query set. Results are reported as mean ± std over 22 videos. For all backbones, bold indicates the best-performing
configuration per metric and underlined indicates the second-best. Higher is better for all metrics.

Shots (n) DINOv2 ResNet50 CLIP (ViT-B/16)

MOF mIoU F1 MOF mIoU F1 MOF mIoU F1

1 0.555 ± 0.125 0.419 ± 0.108 0.522 ± 0.115 0.559 ± 0.150 0.416 ± 0.130 0.514 ± 0.140 0.556 ± 0.135 0.393 ± 0.113 0.495 ± 0.124
3 0.783 ± 0.083 0.632 ± 0.088 0.736 ± 0.077 0.786 ± 0.075 0.637 ± 0.078 0.737 ± 0.072 0.797 ± 0.081 0.642 ± 0.086 0.744 ± 0.076
5 0.847 ± 0.072 0.715 ± 0.099 0.805 ± 0.076 0.836 ± 0.079 0.699 ± 0.106 0.791 ± 0.084 0.828 ± 0.082 0.685 ± 0.104 0.779 ± 0.086
10 0.905 ± 0.054 0.797 ± 0.081 0.852 ± 0.067 0.896 ± 0.056 0.795 ± 0.074 0.852 ± 0.065 0.908 ± 0.041 0.798 ± 0.069 0.850 ± 0.067
15 0.930 ± 0.042 0.846 ± 0.077 0.869 ± 0.078 0.923 ± 0.044 0.833 ± 0.090 0.856 ± 0.090 0.931 ± 0.030 0.844 ± 0.066 0.858 ± 0.064

Table 2. Cross-sample few-shot action recognition (leave-one-out, 22 folds). For each held-out video, n frames per action class are sampled
from the 21 support sessions to construct prototypes, and the held-out session is classified via HMM Viterbi decoding. Results are reported
as mean ± std over 22 folds. Bold indicates the best-performing configuration per metric within each backbone, and underlined indicates
the second-best. Higher is better for all metrics.

Shots (n) Proto. DINOv2 ResNet50 CLIP (ViT-B/16)

MOF mIoU F1 MOF mIoU F1 MOF mIoU F1

1 Mean 0.574 ± 0.121 0.337 ± 0.088 0.341 ± 0.092 0.467 ± 0.139 0.255 ± 0.083 0.256 ± 0.073 0.533 ± 0.134 0.306 ± 0.098 0.322 ± 0.095
Clust. 0.472 ± 0.111 0.280 ± 0.088 0.245 ± 0.061 0.397 ± 0.126 0.225 ± 0.084 0.195 ± 0.055 0.464 ± 0.160 0.292 ± 0.105 0.255 ± 0.073

3 Mean 0.622 ± 0.128 0.433 ± 0.122 0.412 ± 0.106 0.507 ± 0.113 0.302 ± 0.078 0.287 ± 0.058 0.580 ± 0.137 0.405 ± 0.132 0.373 ± 0.111
Clust. 0.569 ± 0.104 0.403 ± 0.103 0.342 ± 0.084 0.445 ± 0.106 0.257 ± 0.064 0.226 ± 0.063 0.502 ± 0.112 0.337 ± 0.108 0.279 ± 0.081

5 Mean 0.640 ± 0.119 0.436 ± 0.109 0.411 ± 0.096 0.508 ± 0.139 0.327 ± 0.111 0.304 ± 0.087 0.596 ± 0.115 0.405 ± 0.099 0.390 ± 0.099
Clust. 0.594 ± 0.134 0.423 ± 0.115 0.372 ± 0.107 0.394 ± 0.110 0.247 ± 0.086 0.224 ± 0.061 0.540 ± 0.136 0.371 ± 0.098 0.333 ± 0.083

10 Mean 0.656 ± 0.152 0.451 ± 0.128 0.419 ± 0.100 0.473 ± 0.138 0.298 ± 0.085 0.279 ± 0.076 0.618 ± 0.124 0.439 ± 0.098 0.414 ± 0.104
Clust. 0.612 ± 0.131 0.433 ± 0.117 0.407 ± 0.112 0.428 ± 0.123 0.282 ± 0.101 0.268 ± 0.089 0.574 ± 0.116 0.400 ± 0.084 0.374 ± 0.076

15 Mean 0.644 ± 0.148 0.446 ± 0.128 0.417 ± 0.106 0.496 ± 0.163 0.299 ± 0.116 0.290 ± 0.109 0.612 ± 0.134 0.426 ± 0.097 0.407 ± 0.088
Clust. 0.594 ± 0.128 0.399 ± 0.106 0.391 ± 0.099 0.433 ± 0.146 0.256 ± 0.090 0.249 ± 0.078 0.550 ± 0.149 0.385 ± 0.096 0.364 ± 0.087

5.2.1. Overall Trends411

Tab. 3 presents a notable pattern: all three recognition ac-412
curacy metrics show a negative trend as video-observable413
competency increases. The strongest observed relationship414
is for mIoU (ρ = −0.524, p = 0.012), which measures415
per-class balance. MOF (ρ = −0.439, p = 0.041) and F1416
(ρ = −0.433, p = 0.044) show similar patterns. Neither417
the number of ground-truth action classes nor the number418
of labeled query frames shows any significant relationship419
with competency, ruling out annotation-count artifacts as a420
confounding explanation.421

Table 3. Spearman ρ between per-video recognition metrics and
overall video-observable competency score (11 items, N = 22).
All accuracy metrics show a negative trend with competency.

Feature Spearman ρ p-value Pearson r

mIoU (per-class accuracy) −0.524 0.012 −0.469
MOF (frame accuracy) −0.439 0.041 −0.436
F1 (macro) −0.433 0.044 −0.407
Frame error rate (1−MOF) +0.439 0.041 +0.436
# Action classes in GT −0.087 0.701 −0.043
# Labeled query frames −0.071 0.754 +0.016

This pattern is consistent with Moravec’s insight [28]:422

the classifier performs better on the mechanical, templated 423
workflows of lower-performing students, whereas the fluid, 424
adaptive behaviors of higher competence prove harder to 425
recognize. When sessions are split by median competency 426
score, LOW-competency students have 9.5% higher MOF 427
and 8.3% higher mIoU than HIGH-competency students 428
(Fig. 3). One plausible interpretation, consistent with the 429
motor learning principle of abundance [35], is that more 430
competent students perform more diverse workflows with 431
additional safety checks and fluid task transitions, produc- 432
ing greater visual diversity that makes classification harder 433
while earning higher instructor marks. This converges with 434
surgical skill assessment findings where classifiers achieve 435
lower accuracy on higher-skilled practitioners [19, 41], sug- 436
gesting that the negative trend in recognition accuracy may 437
carry a pedagogically informative signal. We note, how- 438
ever, that with N = 22 sessions, this interpretation remains 439
exploratory. Importantly, simple sequence features (screen 440
time ratio, transition count, unique action count) extracted 441
from both oracle and predicted timelines show no signifi- 442
cant relationship with competency (all p > 0.10). 443

5.2.2. Per-Item Analysis 444

To identify which facets of clinical competency are most ac- 445
cessible through vision-based action analysis, we examine 446
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Figure 3. Group-level comparison: sessions split by median video-
observable competency score (11 items). Despite higher instruc-
tor ratings, HIGH-competency students exhibit lower classifica-
tion accuracy. Error bars show ±1 std.

Spearman associations between per-video MOF and each of447
the 23 instructor rubric items. Tab. 4 reports the five items448
with the strongest associations, ordered by magnitude.449

Table 4. Top-5 Spearman ρ between per-video MOF and indi-
vidual rubric items, ordered by magnitude. Shaded rows denote
items with visually observable behaviors. N varies across items
because instructors may omit ratings when a behavior is not ob-
served or not applicable during a particular session.

# Rubric Item ρ p N

4 Communicates effectively with team −0.470 0.049 18
18 Uses patient identifiers −0.455 0.033 22
19 Utilizes standardized practices −0.377 0.083 22
21 Manages technology and equipment −0.350 0.110 22
12 Prioritizes appropriately −0.343 0.118 22

The per-item trends are broadly similar in magnitude450
across items, consistent with the expectation that with N =451
22 sessions, individual rubric items lack sufficient power to452
differentiate statistically from one another. Two items reach453
nominal significance: Item 18 (“Uses patient identifiers,”454
ρ = −0.455, p = 0.033) and Item 4 (“Communicates ef-455
fectively with team,” ρ = −0.470, p = 0.049). Patient456
safety protocols may produce the strongest pattern because457
students who excel in this expected behavior tend to per-458
form additional wristband-checking and verification steps,459
generating visually diverse frame sequences that are inher-460
ently harder to classify.461

Items related to purely procedural tasks performed in462
a static, repetitive manner (e.g., Item 1 “Obtains pertinent463
data,” ρ ≈ 0) show no association, consistent with the ex-464
pectation that these actions appear visually similar regard-465
less of competency level. Overall, these patterns suggest466
that vision-based analysis is most informative for expected467
behaviors tied to procedural diversity and protocol com-468
plexity, but is fundamentally limited in capturing the con-469
tent of verbal communication and clinical reasoning.470

5.3. RQ3: Temporal Patterns of High vs. Low Per- 471
formers 472

To understand what distinguishes high- from low- 473
performing students, we partition sessions by median com- 474
petency score and construct process models from ground- 475
truth action sequences (Fig. 4). 476

Several structural differences emerge (detailed analysis 477
in App. D). Low performers show a higher Screen self- 478
loop (48% vs. 41%), reflecting more time lingering on 479
the bedside monitor, a visually uniform action that inflates 480
MOF. High performers distribute transitions more evenly 481
across Examination, Writing, and Calculator. The medi- 482
cation pathway also differs: high performers show a di- 483
rect Prep Med → Apply Med transition (46%), while low 484
performers route through Screen (38%), suggesting work- 485
flow hesitation. High performers engage in more Exam- 486
ination actions (36 vs. 29), which involve diverse move- 487
ments that are inherently harder to classify, consistent 488
with the observed negative trend between accuracy and 489
competency. Furthermore, the low-performer model con- 490
tains more group-unique (red) transitions, indicating irreg- 491
ular workflow paths, while high performers follow a more 492
protocol-consistent progression. Finally, high performers 493
exhibit a strong Hygiene → Screen transition (76%), sug- 494
gesting more consistent infection-control practices. 495

To rule out annotation artifacts as the source of this 496
negative trend, we perform a partial association analysis 497
controlling for six potential confounders (annotation cov- 498
erage, segment count, unique action types, average seg- 499
ment duration, video duration, and total annotations). The 500
MOF–competency association persists across all controls 501
and strengthens when controlling for annotation coverage 502
(ρ: −0.439→ −0.546, p = 0.009); full results are reported 503
in App. E. 504

6. Discussion: Rethinking Eval Metrics 505

Our findings raise the question of whether higher frame- 506
level accuracy is always the appropriate optimization target 507
for action recognition in educational settings. In our data, 508
the classifier tends to perform better on sessions with repeti- 509
tive actions, whereas the more fluid and adaptive workflows 510
associated with higher instructor-rated competency appear 511
harder to recognize. This asymmetry is partly rooted in 512
the prototype-based design: each action class is represented 513
by a single centroid, which favors within-class visual con- 514
sistency. Students who perform an action similarly across 515
instances produce tighter feature clusters that are easier to 516
match, whereas students who vary their approach across in- 517
stances produce more dispersed features that weaken proto- 518
type fit. One interpretation is that competency, as assessed 519
by clinical educators, includes behavioral diversity and pro- 520
cedural flexibility that current vision models do not fully 521
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Figure 4. Process models comparing high- and low-competency groups from the ground truth of actions. The 16 fine-grained clinical
actions (App. C; background excluded) are aggregated into 8 macro-categories: Examination (Palpate Wrist, Apical Pulse, Lung Sounds,
Temperature, Blood Pressure), Hygiene (Hand Hygiene, Gloves), Screen (Patient History, Vital Signs), Writing, Calculator, Med Bottle,
Prep Med, and Apply Med. Green edges denote transitions shared by both groups; Red edges are unique to one group. Percentages indicate
transition probabilities in the arrow’s direction.

capture. This view also aligns with broader work suggest-522
ing that the extent to which an individual’s responses align523
with a group can relate to learning and memory outcomes;524
here, the analogous notion of “fit” is between a student’s525
action sequence and a prototype-based model constructed526
from peers through leave-one-out cross-sample prototypes.527

This observation suggests a practical two-tier approach528
to automated assessment: (1) the predicted action time-529
line provides a coarse behavioral summary of what the stu-530
dent did, and (2) the recognition difficulty of each session,531
quantified by mIoU or F1, may serve as a complementary532
signal of holistic competency. For medication administra-533
tion, where competency is inherently sequential and correct534
actions performed in the wrong order can still constitute535
clinical error, this perspective may help educators identify536
students whose workflows deviate from the expected pro-537
cedural pathway even when checklist ratings appear simi-538
lar. The limited variability in instructor C-CEI ratings fur-539
ther suggests that checklist-based instruments may lack the540
granularity to distinguish students with clustered overall541
scores; recognition accuracy may complement such instru-542
ments by capturing differences in how workflows are ex-543
ecuted. More broadly, both rubric-based assessment and544
vision-based analysis are limited to observable behavior545
and do not capture the clinical reasoning behind procedu-546
ral choices. Combining recognition accuracy with post-547
simulation reflection data, such as structured debriefs or548
self-assessments, may therefore provide a more complete549
view of student ability across behavioral and cognitive di-550
mensions. However, with only N = 22 sessions, this551

observation remains exploratory, and recognition accuracy 552
should be viewed as one potential indicator rather than a 553
definitive measure. 554

7. Conclusion 555

We presented a three-stage framework for automated com- 556
petency assessment from egocentric nursing simulation 557
videos. Our results suggest that recognition accuracy may 558
carry a pedagogically informative signal: more competent 559
students produce diverse workflows that are systematically 560
harder to classify. This suggests a two-tier assessment in 561
which predicted action timelines provide a behavioral sum- 562
mary and recognition difficulty provides a complementary 563
competency signal, establishing the utility and boundaries 564
of unimodal video-based assessment. 565

The primary limitation is the sample size, which reflects 566
the constraints of privacy-regulated clinical data collection 567
and expert annotation; larger multi-site cohorts are needed 568
for generalizability. Vision alone cannot capture verbal 569
communication or the clinical reasoning underlying proce- 570
dural choices. Integrating audio, gaze, and physiological 571
modalities, along with post-simulation reflection data such 572
as debrief transcripts, could yield a more complete picture 573
of competency across behavioral, cognitive, and metacogni- 574
tive dimensions. Whether the relationship between recogni- 575
tion accuracy and competency extends to other educational 576
domains remains an open question. 577
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AI-Assisted Competency Assessment from Egocentric Video in Simulation-Based
Nursing Education

Supplementary Material

A. Simulation Scenario Summary797

Scenario Context and Setting The simulation scenario798
and debrief were created by a nursing teaching instruc-799
tor and have been used in nursing school classroom set-800
tings. The simulation scenario takes place in a high-801
fidelity pediatric emergency room bay. A standardized pe-802
diatric manikin representing a toddler and a faculty facilita-803
tor acting as the patient’s caregiver are present at the bed-804
side. The scenario is designed to evaluate pediatric assess-805
ment, weight-based medication administration, and care-806
giver communication competencies.807

Anonymized Patient Profile The simulated patient is a808
16-month-old toddler (9.6 kg, 76 cm) presenting with a pri-809
mary diagnosis of croup (laryngotracheobronchitis). The810
caregiver reports a 3-day history of upper respiratory infec-811
tion symptoms, with sudden overnight onset of a barking812
cough, hoarse voice, and inspiratory stridor. On arrival, the813
patient is placed on continuous pulse oximetry, heart rate,814
and respiratory rate monitoring, and maintained on humidi-815
fied oxygen at 1 LPM via pediatric face mask.816

Simulation Learning Objectives The scenario targets817
four core nursing competencies: (1) performing a focused818
pediatric assessment while maintaining age-appropriate pa-819
tient safety; (2) recognizing pediatric fever and calculating820
accurate weight-based dosages for oral antipyretic medica-821
tions; (3) preparing and administering pediatric oral sus-822
pensions safely; and (4) providing clear, developmentally823
appropriate education to caregivers regarding at-home med-824
ication administration.825

Scenario Progression and Key Interventions The sim-826
ulation unfolds across three phases. In Phase 1, the stu-827
dent initiates care by performing hand hygiene, verifying828
patient identification using two identifiers, and introducing829
themselves to the caregiver. Initial vitals reflect tachypnea830
and tachycardia consistent with the patient’s respiratory dis-831
tress. In Phase 2, the student performs a focused respiratory832
assessment, noting mild expiratory wheezing and intermit-833
tent barking cough. A bedside temperature check reveals a834
fever of 102.6◦F, prompting the student to review physician835
orders and perform a weight-based medication calculation836

for oral acetaminophen suspension (160 mg/5 mL): 837

15 mg/kg× 9.6 kg = 144 mg, 838

144 mg× 5 mL
160 mg

= 4.5 mL. (3) 839

In Phase 3, after preparing the medication in an amber oral 840
dosing syringe, the student engages in targeted caregiver ed- 841
ucation. Key instructional points include advising against 842
using household spoons for measuring, demonstrating cor- 843
rect syringe administration technique to prevent choking, 844
and establishing safe guidelines for dosing frequency at 845
home. 846

B. Instructor Competency Rubric 847

The instructor rubric is an adapted version of the Creighton 848
Competency Evaluation Instrument (C-CEI) [44], which 849
maps 23 expected behaviors to broader concepts of com- 850
petency (e.g., clinical judgment, patient safety, communi- 851
cation). Each item is rated on a 1–5 scale (Poor to Excep- 852
tional). Because our study uses egocentric video without 853
audio, only the 11 video-observable items (highlighted in 854
Tab. 5) contribute to each student’s competency percentage. 855
The remaining 12 items require verbal or cognitive assess- 856
ment not accessible from visual data alone. 857

Rationale for the video-observable subset. Items re- 858
quiring verbal content (e.g., “Communicates effectively 859
with team,” “Provides evidence-based rationale”) or inter- 860
nal cognitive processes (e.g., “Reflects on clinical experi- 861
ence”) cannot be assessed from silent egocentric video. The 862
11 retained items correspond to physical actions and proce- 863
dural behaviors that produce visible evidence in the video 864
stream: checking wristbands, performing hand hygiene, 865
documenting on screens, measuring vital signs, adminis- 866
tering medications, and following safety protocols. This 867
principled subset ensures that the competency score reflects 868
only expected behaviors that our vision-based system could 869
plausibly detect. Note that in the per-item association anal- 870
ysis (Tab. 4), we report associations for all 23 items to ex- 871
plore whether vision-based features carry any indirect sig- 872
nal for non-observable behaviors. 873

C. Action Annotation Rubric 874

The following is from our annotation codebook, used by 875
trained coders to produce ground-truth action annotations, 876
and is inspired by [36]. Actions represent discrete, observ- 877
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Table 5. Full 23-item C-CEI rubric. Each item specifies an ex-
pected behavior; highlighted rows (✓) are the 11 video-observable
items used for competency scoring.

# Item Description Video?

1 Obtains pertinent data ✓
2 Performs follow-up assessments as needed ✓
3 Assesses the environment ×
4 Communicates effectively with team ×
5 Communicates effectively with patient ×
6 Documents clearly, concisely, and accurately ✓
7 Responds to abnormal findings appropriately ×
8 Promotes professionalism ×
9 Interprets vital signs ✓
10 Interprets laboratory results ×
11 Interprets subjective/objective data ×
12 Prioritizes appropriately ✓
13 Performs evidence-based interventions ✓
14 Provides evidence-based rationale for interventions ×
15 Evaluates evidence-based interventions and outcomes ×
16 Reflects on clinical experience ×
17 Delegates appropriately ×
18 Uses patient identifiers ✓
19 Utilizes standardized practices and precautions ✓
20 Administers medications safely ✓
21 Manages technology and equipment ✓
22 Performs procedures correctly ✓
23 Reflects on potential hazards and errors ×

able physical behaviors; verbal introductions are captured878
separately by the Communication layer.879

General coding rules.880

1. Code only what is directly observable; do not infer in-881
tent.882

2. When in doubt, leave the segment unlabeled.883
3. Annotations must not overlap within the Action layer.884
4. Start when the action begins (first observable move-885

ment); end when it concludes (hands leave the object,886
body repositions away).887

5. Brief interruptions (<2 s): code as one continuous seg-888
ment.889

Action definitions. Tab. 6 lists the K=16 fine-grained clin-890
ical action classes. Frames that do not correspond to any891
of these classes (e.g., walking, adjusting equipment, idle892
periods between clinical actions) are left unannotated and893
treated as the background class a∅, yielding K+1=17 la-894
bels in total for recognition.895

Disambiguation guidelines. Several action pairs are visu-896
ally similar and require explicit decision rules:897

Lung Sounds (#8) vs. Apical Pulse (#9): Stethoscope on the898
back or moved across multiple chest positions is coded as899
#8. Stethoscope held at the left chest apex in one position900
for ≥15 s is coded as #9. If placement is unclear, default to901
#8 and flag for review.902

Calculator (#13) vs. Phone (#14): Tapping numbers on a903

Table 6. The K=16 clinical action classes used for temporal anno-
tation and few-shot recognition, with brief operational definitions.
An additional background class a∅ (not shown) captures all non-
clinical frames, yielding 17 labels total.

ID Action Class Definition

1 Perform Hand Hygiene Uses hand sanitizer or washes hands at sink
2 Put on Gloves Retrieves and dons disposable gloves
3 Check Patient Wristband Visually inspects or scans patient wristband
4 Check Patient History Screen Reads electronic health record on screen
5 Examine Med Bottle Picks up and reads medication label
6 Review Vital Signs Screen Reads the vital signs monitor (HR, BP, SpO2)
7 Assess Vital Signs (Palpate Wrist) Manually palpates radial pulse
8 Auscultate Lung Sounds Places stethoscope on chest/back for breath sounds
9 Measure Apical Pulse Places stethoscope at heart apex, held ≥15 s

10 Measure Temperature Uses thermometer (oral, tympanic, temporal)
11 Measure Blood Pressure Initiates BP reading via monitor or manual cuff
12 Writing Pen-to-paper: notes, calculations, forms
13 Use Calculator Computes dosage on physical or phone calculator
14 Check Phone Interacts with phone for non-calculator purposes
15 Prepare Medication Draws syringe, crushes tablet, mixes solution
16 Apply Medication to Patient Administers medication: oral, IV, injection, topical

calculator app or physical calculator is #13. Scrolling, read- 904
ing, or swiping on a phone (non-calculator) is #14. 905

Patient History Screen (#4) vs. Vital Signs Screen (#6): If 906
the screen shows waveforms or real-time numeric readings, 907
code as #6. If it shows text-based records, history, or med- 908
ication orders, code as #4. Pressing a button on the vitals 909
monitor to initiate a BP measurement is coded as #11. 910

D. Process Model Details 911

The five key structural differences between high- and low- 912
performer process models (Fig. 4) are elaborated below. 913

Screen self-loop. Low-performing students exhibit a higher 914
self-loop on the Screen action (48% vs. 41%), spending 915
proportionally more time returning to the bedside moni- 916
tor without transitioning to other clinical actions. High 917
performers distribute transitions away from Screen more 918
evenly across Examination, Writing, and Calculator, reflect- 919
ing a more fluid workflow. Screen actions are visually static 920
and uniform, making them easy for the classifier and inflat- 921
ing MOF for the LOW group. 922

Medication pathway. High performers show a strong di- 923
rect Prep Med→ Apply Med transition (46%), indicating a 924
coherent prepare-then-administer sequence. Low perform- 925
ers lack this link; instead, Prep Med routes back to Screen 926
(38%), suggesting hesitation or uncertainty in the medica- 927
tion procedure. 928

Examination frequency. High performers engage in more 929
Examination actions (36 vs. 29), while low performers pro- 930
duce more Writing and Screen actions (42 and 79 vs. 37 and 931
74). Physical examination (lung sounds, blood pressure, 932
palpation) involves diverse movements inherently harder 933
to classify, consistent with the observed negative trend be- 934
tween accuracy and competency. 935

Transition irregularity. The low-performer model con- 936
tains more group-unique (red) transitions, indicating ir- 937
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regular workflow paths. High performers follow a more938
protocol-consistent progression with fewer idiosyncratic939
transitions.940

Hygiene compliance. Hygiene actions connect to Screen941
with 76% probability in high performers, suggesting consis-942
tent hand hygiene before engaging with the patient monitor.943
This transition is less prominent in low performers, pointing944
to less consistent infection control practices.945

These process model comparisons offer actionable in-946
sight for clinical educators: the transition graphs visualize947
where each student’s workflow diverges from the expected948
clinical pathway, enabling targeted remediation of specific949
procedural gaps.950

E. Annotation Confound Analysis951

A potential concern is that annotation artifacts drive the neg-952
ative trend between classification accuracy and competency,953
since HIGH competency sessions have lower annotation954
coverage (40% vs. 50%). We perform partial association955
analysis, controlling for six potential confounds (Tab. 7).956
If any drove the observed pattern, controlling for it would957
weaken or eliminate the effect.958

Table 7. Robustness analysis. Partial ρ: Spearman association
between MOF and competency after controlling for each vari-
able. Var ↔ MOF: bivariate association between each variable
and MOF. The MOF–competency association persists across all
controls and strengthens when controlling for annotation coverage
(bolded). No control variable independently predicts MOF (all
p > 0.46).

Control Variable Partial ρ p Var ↔ MOF ρ p

None (baseline) −0.439 0.041 — —
Annotation coverage −0.546 0.009 −0.032 0.887
# GT action segments −0.427 0.047 +0.115 0.611
# Unique GT action types −0.438 0.041 +0.027 0.907
Avg segment duration −0.437 0.042 −0.165 0.462
Video duration −0.454 0.034 +0.074 0.744
# All annotations −0.427 0.047 +0.115 0.611

The pattern persists across all controls. When con-959
trolling for annotation coverage, the effect strengthens (ρ:960
−0.439→ −0.546), and no control variable independently961
predicts MOF (all p > 0.46), confirming that the negative962
trend reflects workflow complexity rather than annotation963
density.964

F. Inter-Rater Reliability965

A second rater independently annotated 3 stratified videos966
(low / median / high competency) to assess annotation relia-967
bility. Agreement was measured using frame-level Cohen’s968
κ at 1 Hz resolution. To avoid inflation from unannotated969
frames, κ was computed only over frames where at least970
one rater placed a label.971

Mean κ = 0.708 ± 0.199 (substantial agreement; [25]). 972
As a secondary metric, mean per-class IoU = 0.697±0.143, 973
and both raters identified identical action type sets in all 974
3 videos (Jaccard = 1.0). Disagreements were predomi- 975
nantly in segment boundary placement, particularly action 976
endpoints (mean |∆| = 3.4 s), rather than action identifica- 977
tion or ordering. This pattern indicates that raters agree on 978
which actions occur and in what order, with variability con- 979
fined to the precise temporal boundaries, consistent with the 980
known difficulty of endpoint annotation in temporal action 981
segmentation [8]. 982
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