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Abstract—Effective teamwork is vital in emergency medicine,
yet training interprofessional teams is challenging due to re-
source constraints, time limitations, and inconsistent assessment
methods. Traditional performance evaluation relies on subjec-
tive ratings, often biased, and lacking objective validation. To
address this, we introduce COACT (Collaborative Objective AI-
Assisted Clinical Team Assessment), a data-driven framework
for the evaluation of team dynamics in emergency medical
team training. COACT enables debriefing by leveraging-using
wearable devices that capture physiological and motion data
during training. The system processes raw signals in real
time across multiple timescales to detect team dynamics. A
Machine Learning (ML) model then analyzes the processed
data, identifying synchronization patterns linked-related to team
coordination and effectiveness. We introduce the COACT index,

a novel metric quantifying-hoew-elosely-a-team—s-that quantifies
how closely team patterns align with high-performing teams.

The system operates on a continual ML paradigm, enabling
self-monitoring, self-training, and self-adaptation as new data is
collected. Resultsshow-a-The results show up to 90% accuracy
between the COACT index and subjective team performance
ratings, validating the potential of the proposed framework as
an objective ;—Al-driven team assessment tool for emergency

megigine ALAIRINS e am Performance Assessment, Wearable Sig-
nals, Pervasive Computing, Machine Learning, Pattern Analysis.

I. INTRODUCTION

The first minutes after an accident are critical for patient
survival, requiring emergency teams to act with precisionand
speedHf—, speed, and coordination [/1]]. Training is essential
but resource-intensive and often lacks realism due to the
unpredictability of emergencies [2]. Moreover, assessing team
performance remains a challenge, as traditional methods rely
heavily—on subjective ratings [3]]. Although recent advances
in wearable technology offer promising alternatives (i.e.,
audio and eye-tracking sensors), they come with limitations
such as noise sensitivity, privacy concerns, and intrusiveness
[4]]. In contrast, physiological and motion sensors provide a
non-intrusive and scalable approach for monitoring stress,
cognitive load, and coordination in real time [5]. Devices
such as Empatica’s EmbracePlus capture multiple biomarkers,
offering a rich foundatlon for ob]ectrve performance analysis
[6]. Yet, a si gap remains:
the lack of a structured framework to m%%%translate
multi-modal data-signals into interpretable team performance
measures.

This paper introduces COACT (Collaborative Objective
Al-Assisted Clinical Team Assessment), a real-time frame-
work for objectively evaluating team performance in emer-
gency medicine training using data from Empatica’s Embra-
cePlus. COACT includes: a) a real-time pipeline to extract,
process, analyze, and interpret physiological and motion data;
b) a continual Machine Learning (ML) model that identifies
evolving patterns and ensures optimal computations; and c) a
novel COACT Index (CI) that quantifies team synchronicity
and performance. COACT provides a scalable, Al-driven
solution for enhancing medical training through wearable-
based, data-driven team performance assessment.

II. COACT FRAMEWORK

Frgure 1] 111ustrates the proposed COACT framework and its
in pairs, join the trarnrng scenario, each equrpped with an Em-
bracePlus smartwatch. During training, the COACT frame-
work collects and processes raw data. Afterwards, participants
engage in a debriefing session, and team performance data is
fed back into COACT, enabling it to adapt and refine patterns
using continual ML.

A. Training Scenario

In-the-In interprofessional team training, advanced medical
and nursing students are paired to complete a VR simulation
moderated by a trainer, allowing them to practice teamwork
in emergency scenarios [7]]. Unlike traditional simulations
with actors, which can be subjective, the VR environment
offers objective experiences, providing reliable data for the
ML. The VR application features three main avatars: Trainee
1 (nursing student), Trainee 2 (medical student), and a vir-
tual patient experiencing headache followed by an epileptic
seizure provoked-caused by a cerebral hemorrhage. During
the scenario, Trainee 1 begins the consultation by taking the
patient’s history, with the patient’s responses controlled by
the moderator/trainer. After five minutes, Trainee 2 joins the
session and Trainee 1 provides a structured handover of the
relevant clinical information. The trainees proceed to manage
the case collaboratively. Physiological and motion data from
both trainees are captured from EmbracePlus devices, and
synchronized with the timestamps from the VR application.
Raw data is continuously transmitted via-through Bluetooth to
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Fig. 1: Proposed COACT System

nearby proxy devices and stored in the cloud via the WiFi/5G
interface.

B. Proposed COACT System

The framework frem—in Fig. |I| processes physiological
and motlon data from pairs of participants m{e—rﬂfefpfefab}e

—into interpretable CI scores to assess team performance.
Concurrently, continual ML refines these calculations using

accumutated—data—data_accumulated from participants over
time. The monitoring component detects new pairs, notifying
both the data pipeline and continual ML, which periodically
retrains based on new data and results from debriefing ses-
sions.

1) Data Pipeline: When the monitoring component detects
new raw data from a pair, the pipeline extracts, processes,
analyzes, and interprets this data sequentially.

1.a) Extraction: retrieves raw data from cloud-based .avro
files to edge storage, converting them into .csv format,
including: «#i) motion signals: accelerometer (A), steps (S);
bii) physiological signals: electrodermal activity (E), pulse
rate (P), skin temperature (T'); €iii) scenario-specific times-
tamps; and #iy) Empatica biomarkers processed at 60-second
intervals.

1.b) Processing: filters raw data based on scenario-
specific timestamps; computes biomarkers at intervals 7 €
{5,10,15,...}s; merges these biomarkers at selected inter-
vals 7; and validates processing via-by correlation analysis
with Empatica biomarkers at ¢ = 60s. If we denote by
x() = [a® s0) e p® ()] the processed sample of the
biomarker vector derived from raw signals A, S/ E P T
akm interval i, the processed dataset is defined as

X = (x{P}Ni with N; samples per interval i. For pairs
(ul,uQ) eu, representmg the—nursing and medical trainee

msampie index n.
1.c) Analysis: classifies processed datasets based on cen-

ters computed by the—continual ML. Let 9@—{%
W@H%ﬁuﬂ%w&[m

updated centers with #—K; as the number of centers per

interval ¢. The processed data underge-undergoes the trans-
formation:

(XD, X0 - O

uq

= (VDY) )

where ) = {yu (Z) Ni is the transformed dataset for
(%)

participant u, and each vector yu,» corresponds to the nearest

closest center c,c (in Euclidean distance) to xg)n

1.d) Interpretation: computes and visualizes interpretable
patterns from analyzed datasets and calculates the COACT
index. To simplify interpretation, each biomarker in yff,)n =
[Yas Us» Ve, Yp, Yt 1is discretized using biomarker-specific
thresholds. Let o = [a,,,]Y_, denote these threshold vectors
for accelerometer (m = 1), steps (m = 2), electrodermal
activity (m = 3), pulse rate (m = 4), and skin temperature
(m = b), where each biomarker m has thresholds «,, =
[@m 1, .,Qn p], and D varies by biomarker. Thus, prior to
visualization, the analyzed datasets for each pair (u1,uz) € U
at interval ¢ undergo the transformation:

(yul ,y(l)) — a(l) — (Z(i) Z(z)) @)

where Z{) = {z n"' , are the discrete datasets used for

visualization at each point n of the interval i.

1.e) CI Calculation: Etalon pairs, identified via the TEAM
questionnaire [§] during debriefings as teams with optimal
cooperation, communication, and coordination, serve as ref-
erences in the CI calculation. The number of etalon pairs may
increase as new data are-is ingested by the COACT system.
The CI quantifies similarity in motion and physiological
patterns between new pairs and established etalon(s). For each
etalon pair (e, e2) € U, similarities between corresponding
trainees (uy vs. e1, and ug vs. ep) at interval ¢ and sample n
are represented by vector v = [Uy.c.nm]?_,, computed

1, Zu,n,m Ze,n,ms (3)

as:
Vu,e,n,m =
0, Zu,n,m 7é Ze,n,m-

The COACT index at interval ¢ is then calculated as:

1
(’L) _ NN; (1 (7, (7,)
ol N M N ]W Z Z 5 u17917n m’ ug,eg,n m>

= (1)]

where B(i) m—1 denotes biomarker-specific weights.
Fer—When multiple etalon pairs —the-COACT—index—is

computed—with—each—pair—retaining—are available, the CI is
computed for each combination, and the maximum value
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2) Continual ML: For each computation interval ¢, the
data pipeline parameters (C, o, and B'Y) are updated
via continual ML, using all accumulated data from the
COACT framework during predefined periods. Data centers
are recalculated using the unsupervised clustering algorithm
(SWAP heuristics), and the optimal number of centers /<
K; is determined offline via-using the Silhouette index [9].

align the computed CI scores and subjective TEAM perfor—

mance evaluationsratings, the threshold and weight vectors
are recalculated after each center update using methods like

rid search, Bayesian optimization, or reinforcement learning.
The Python software implementation of the COACT frame-

work, along with detailed documentation, is publiely-available
online [9].

C. Debriefing Session

After each training session, a debriefing helps trainees re-
flect on challenges, technology, and overall experience. Train-
ers use recorded VR videos to identify communication and
procedural gaps, while team biomarker patterns are visualized
on an analytics dashboard and compared to tep-perferming
teams(etalonsthe top performing teams (etalon) to calculate
the-ClI scores. AtIn the end, the trainees consent to data-tisage
the use of data and complete questionnaires assessing accep-
tance (usability, discomfort, presence, workload, technology
acceptance), effectiveness, and feasibility. Additionathy—they
provide-In addition, they complete the TEAM questionnaire

[7] to self-assess perceived team performance, with the re-
sults integrated into the COACT framework to refine the
etalon pairs and rmpfeveﬁed%etﬂaﬁeﬂaeeufaey—g@m
precision of CI calculation.

III. EXPERIMENTAL RESULTS
A. Methods and Participants

The experimental study involved data from 11 pairs of
medical students (ages 24-30) at a Central European Uni-
versity Hospital. Of these, 5 pairs were mixed-gendermixed
gender, 4 male-onlymale only, and 2 female-ontyfemale only.
Each anonymized participant was assigned a pair ID, trial
number, device hand, and role. These identifiers enabled
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Fig. 3: Explained Variance vs. Variability Features

real-time data pairing and processing through the pipeline.
Empatica devices continuously recorded raw data from the
moment the first student entered until the end of the handover.
Each session lasted around 20 minutes, with timestamps
aligned to start/stop VR triggers.

B. Validation of Data Processing

The data pipeline operates at different intervals ¢ €
{10, 20, . ..,60}s to evaluate the performance of the proposed
index ci”), bench-marked against TEAM performance rat-
ings. Since Empatica does not disclose its data processing
methods nor support intervals other than ¢ = 60s, reverse en-
gineering was-is applied to derive equivalent processing func-
tions for each sensor and validate them against Empatiea’s
output-at-60s-the Empatica output at 60s [9]. Accelerometer
data (a) is processed by computing the magnitude of move-
ment, followed by the standard deviation within each interval.
Step count (s) is aggregated, and temperature (t) is averaged
per interval. Electrodermal activity (e) is filtered using a
4th-order low-pass Butterworth filter, with signal amplitudes
extracted. Pulse rate (p) is derived from the raw BVP signal
through—a—two-step—proeess:—in _two_steps: «i)smoothing—vic
Butterworth—and—moving—average—fitters—and— Butterworth
filtering followed by moving ayverage smoothing, and bii)

aligning-the-alignment of detected diastolic peaks with those
provided by the sensor. The obtained tachogram values are

then averaged within each interval. Figure 2] presents the Pear-
son eorrelation-between-correlations between the biomarkers
processed by COACT and those provided by Empatica at
+=60s—using-i = 60s, computed on concatenated data from
all participants. Strong diagonal correlations confirm that the
COACT module is a viable alternative for analysis at finer
time resolutions.

C. Statistical Analysis

metries—To assess the statistical difference between datasets
at different intervals, multiple metrics are computed for each
biomarker. These include: {1)—i) the computation interval
itself;«2)—; ii) a trend-related metric, measured as the slope
of a linear fit to indicate signal directions—ané—3)—; iii)
signal quality metrics, such as Signal-to-Noise Ratio (SNR),



TABLE I: COACT Performance Evaluation

Interval [s] Samples Centers acc steps eda pulse temp acc steps eda pulse temp Accuracy [%]
10 1443 708 3412 8972 2921 5388 2375 | 648015 606009 624024 023052 66700 90
20 728 368 34-11 66-72 88-25_ 69-85_ 79 0:61-0.18  044-0.11 046022  0:00044  06:090.05 90-80_
30 489 202 23-15_ 32-65_ 66-14_ 3455 7867 | 08H021 6606012  6:670.12 068049 060006 96-80
40 373 121 59-51 23-52 10-32_ 30-38_ 2672 | 953033 628017 644002 063035 062013 96-80_
50 298 97 3369 2741 2684 4235 7239 | 638044 648031 668002 626015 669008 96-70_
60 251 97 6381 +9-16_ 3685 44-28 84-60_ 064054 623026 047004 057015 662001 96-70_

computed as mean squared over variance, and spike count,
which captures abrupt signal changes (defined as values
exceeding mean plus one standard deviation)—Variability—;
iv) variability metrics include the mean, median, and Root
Mean Square Error (RMSE), with the latter derived from

a regression model predieting-that predicts the computation
interval—Femperat—; y) temporal dynamics are captured via

autocorrelation s—while-function; vi) statistical shape metrics

comprise standard deviation, kurtosis, skewness, and coeffi-
cient of variation—Finaltly;—; and vii) Shannon entropy quan-
tifies signal complexity. These metrics serve as independent
variables in a multivariate Ridge regression medel-used to
predict biomarker values. We apply leave-one-out variance
analysis to compute the explained variance for each feature.
As shown in Fig. 3] the-trend and interval metrics contribute
the most to differences between time intervals, followed by
signal quality and variability metrics. To ensure consistent
COACT index performance, the threshold and weight vectors
should be calibrated accordingly.

D. Performance Analysis

To evaluate the alignment between the COACT index

and subjective TEAM performanceratings;-one-pair-ratings,

the pair with the highest rating is designated as an—etaton;
white—the etalon, and the remaining 10 participant—pairs
are used for classification. Both the TEAM performance
ratings and the COACT 1ndex scores ci'?) , computed at inter-
vals i € {10,20,30,40,50, 60}s.
are normahzed and blnanzed into the "Low" (O) and "High"
(1) classes using a 0.5 threshold. Table | presents—the
resulting-classification-aceuracy-across—all-intervals;showing
a—econsistent—performanee—of summarizes the classification
performance across different interval durations, The accuracy.
is highest in short windows (90% 5-despite-a-decline-at 10s)
and gradually decreases with longer intervals, reaching 70%

at 50-60s. This trend reflects the reduction in sample size and
number of data centers C(¥) as interval-duration-inereases—Fo

ma&ﬁm%h&%abthfy—fhe%hfe%hﬁ}éﬂv‘eeteﬂ—aLLthe interval
length increases, highlighting the trade-off between temporal

resolution and classification robustness. The_threshold and
welght vectors (aV), ﬁ( )) are optimized via eentintal-ME

7 7

%&a&&%paee—kﬂeuf&kﬂefweﬂﬁ%ﬁedr rld search over 1000
random configurations, retaining the setting with maximum
accuracy for each interval ito-make-step-wise-deeistons—that
maximize—classification—aceuracy—as—a—reward—signal. For

simplicity and computational efficiency, we use a single

threshold per—biomarker—dimension(D = 1) per biomarker,

although multiple thresholds could improve precision at the

cost of added complexity. The-interval-speeific-optimal-states

Threshold analysis shows that accelerometer thresh-
olds increase with }engef—mtefva}s—b) Sfep—%hfeshe{ds

dynamiesinterval length, step thresholds decrease, EDA
thresholds rise sharply beyond 40s, and pulse thresholds drop
as intervals lengthen. The biomarker weights (8,,,) reveal that
accelerometer and steps gain importance at longer intervals,
while EDA and pulse are more influential at shorter ones; skin.
temperature remains negligible, with a slight peak at i = 40s.
These dynamics indicate that accelerometer and steps capture
stable, large-scale coordination when aggregated over longer
windows, whereas EDA and pulse primarily reflect transient
stress_and_rapid physiological responses_that fade with
time. The rise in accelerometer and EDA thresholds reflects.
increased variability requiring stronger signals to establish
synchronicity, while the decline in step and pulse thresholds
shows compressed variability where even small differences
suffice. These patterns highlight a_temporal differentiation:
longer intervals emphasize sustained coordination but yield
lower_accuracy because averaging suppresses transient
stress responses and micro-coordination shifts. By contrast,
short-interval dynamics retain these fine-grained fluctuations,
offering richer discriminative features and better alignment
with perceived team performance.

E. Implications and Future Directions

The COACT index demonstrates potential as an objective
proxy for team performance when properly calibrated. This
opens two key research directions for improving emergency
medicine training: first, enabling real-time detection of per-
formance weaknesses to adapt task difficulty or personalize



learning content; second, enhancing feedback quality by inte-
grating additional sensor data (e.g., kinematics, eye tracking)
for deeper insight into motor and cognitive processes. These
advancements can support more precise, actionable feedback
and predictive interventions. Implementing such systems will
require interdisciplinary collaboration and further research on
scalability and long-term impact.

IV. CONCLUSION

This study introduces COACT (Collaborative Objective Al-
Assisted Clinical Team Assessment), a novel framework for
emergency medicine training. Using Empatica EmbracePlus
devices, COACT captures real-time motion and physiolog-
ical data from participant dyads. A continual ML pipeline
processes this data, with clustering algorithms reducing com-
plexity and reinforcement—tearning—grid search optimizing
model parameters to assess team performance. The resulting
COACT index offers an interpretable, objective alternative to
traditional subjective performance evaluations. COACT en-
ables adaptive training and enhances feedback quality through
specific performance metrics and actionable insights. With—a

The results show that processing signals at shorter timescales
ields higher concordance with subjective ratings (up to 90%
1 ] COACT ind | | cubiocti
partieipantratings——the-system—shews—%), underscoring the
importance of fine-grained temporal resolution in capturin

team performance. This demonstrates COACT’s strong po-
tential for real-time, data-driven assessment and lays the

groundwork for further research into objective clinical team
evaluation.
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