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Abstract
Through a self-observation approach, this 24-day study investi-
gates whether physiological signals from wearable sensors differ by
session context and repertoire in orchestral settings, and whether
self-rated piece difficulty can be predicted from these signals. The
participant wore an EmbracePlus during the study period, collect-
ing physiological data during home practice, group rehearsals, and
two concerts. An analysis with generalized linear models found
that the session type and the piece played could be used to explain
the physiological changes captured by the EmbracePlus wristband.
These findings inform a research arc that can enable us to identify
demanding repertoire that needs more practice and could help with
the identification and prevention of performance anxiety.

CCS Concepts
•Human-centered computing→Ubiquitous andmobile com-
puting systems and tools.

Keywords
Stress; Music; Physiological Sensing; Wearables
ACM Reference Format:
Christian Brinkhaus, Tenka Naka, Andrew Vargo, Ko Watanabe, and Koichi
Kise. 2026. A Pilot Study on Using Wearables to Identify Difficulties for
Ensemble Musicians. In Companion of the 2026 ACM International Joint
Conference on Pervasive and Ubiquitous Computing (UbiComp Companion
’26), October 11–15, 2026, Shanghai, China.ACM, New York, NY, USA, 5 pages.
https://doi.org/10.1145/3798063.3837215

1 Introduction
Musicians face stressors [15] leading to performance anxiety [14]
and a higher load on working memory [1] influencing performance
quality [6, 19]. Ensemble music requires a high degree of align-
ment between co-performers and conductor [5]. Higher cognitive
load and stress can lead to less reliance on auditory feedback and
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Table 1: Concert schedule and the first author’s subjective
difficulty labels.

Date Piece Difficulty

28 Dec. 2025 Grieg - Symphonic Dances Easy
Mahler - Symphony No. 1 Hard

12 Jan. 2026 Mendelssohn - The Hebrides Overture Medium
Chopin - Piano Concerto No. 2 Easy
Stravinsky - Pulcinella Suite Medium

poorer adaptation to tempo changes, reducing flexibility to adjust
to music [10]. Traditional approaches to measuring performance
stress rely on subjective self-report questionnaires such as the State-
Trait Anxiety Inventory (STAI). However, these do not correlate
with physiological measurements [13], highlighting the need for
objective assessment methods. Wearable physiological sensors can
offer continuous and objective measurement that overcomes these
limitations [16]. Previous work has shown that the heart rate of
orchestral musicians is significantly higher in concerts than in re-
hearsals [4], and the physiological stress markers of a professional
pianist increase further when performing in front of an audience
compared to without an audience [17]. However, none of these
studies followed musicians over a longitudinal period of time.

This 24-day study follows the first author, an amateur violinist in
two orchestras. Using the EmbracePlus 1, a validated wearable sen-
sor [8, 11], we collected physiological data related to stress such as
electrodermal activity (EDA) [12, 18] and skin temperature [3], and
we collected audio recordings and timing labels during practice and
performance. With these data points, we analyzed the relationship
between physiological factors, the type of session (home practice,
group rehearsal, or concert), and the piece being performed. The
first author rated the subjective difficulty of each piece (Table 1).

Our results are promising, as they show that the type of ses-
sion and the piece played do have a modest explanatory effect
on each physiological measure. Our prediction results for piece
difficulty show that a K-Nearest Neighbors classifier achieves a
cross-validation (CV) accuracy of 44.6% (±28.8%) using the Time-
SeriesSplit algorithm from scikit-learn [9]. These results show that
it is feasible to develop more complex models that account for many
1https://www.empatica.com/embraceplus/
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Table 2: GLM Results for EDA.

Variable Coefficient Std. Err. 𝑝-value

Intercept 2.52461 0.21160 < 2e-16***
Home Practice −1.10215 0.13611 1.44e-15***
Group Rehearsal −0.02885 0.04540 0.525
Grieg Symphonic Dances −2.40997 0.20924 < 2e-16***
Mahler Symphony No. 1 −2.34435 0.20918 < 2e-16***
Mendelssohn The Hebrides Overture −1.37430 0.24558 2.75e-08 ***
Stravinsky Pulcinella −1.17106 0.24276 1.60e-06***

𝑅2
McFadden = 0.168

Pairwise (Tukey) Coefficient Std. Err. 𝑝-value

Concert - Home Practice 1.1021 0.1360 <0.0001***
Concert - Group Rehearsal 0.0288 0.0454 0.8006
Home Practice - Group Rehearsal −1.0733 0.1300 <0.0001***
Chopin Piano Concerto No. 2 - Grieg Symphonic Dances 2.4100 0.2090 <0.0001***
Chopin Piano Concerto No. 2 - Mahler Symphony No. 1 2.3443 0.2090 <0.0001***
Chopin Piano Concerto No. 2 - Mendelssohn The Hebrides Overture 1.3743 0.2460 <0.0001***
Chopin Piano Concerto No. 2 - Stravinsky Pulcinella Suite 1.1711 0.2430 <0.0001***
Grieg Symphonic Dances - Mahler Symphony No. 1 −0.0656 0.0326 0.2584
Grieg Symphonic Dances - Mendelssohn The Hebrides Overture −1.0357 0.1330 <0.0001***
Grieg Symphonic Dances - Stravinsky Pulcinella Suite −1.2389 0.1270 <0.0001***
Mahler Symphony No. 1 - Mendelssohn The Hebrides Overture −0.9700 0.1330 <0.0001***
Mahler Symphony No. 1 - Stravinsky Pulcinella Suite −1.1733 0.1270 <0.0001***
Mendelssohn The Hebrides Overture - Stravinsky Pulcinella Suite −0.2032 0.0656 0.0167*

* 𝑝 < 0.05, ** 𝑝 < 0.01, *** 𝑝 < 0.001

physiological features and move towards building support systems
to manage practice sessions and performance anxiety.

2 Experiment Setup
This study follows the first author, an amateur violinist who has
played since childhood. Having experience in diverse orchestral
settings, the first author is familiar with the structure and conven-
tions of music ensembles across cultures while maintaining the
perspective of a non-professional musician. The orchestra setting
provides a structured performance environment for this experiment.
Unlike sports, which depend on decision making [2] and complex
interactions between athletes [7], orchestral performances follow a
predetermined structure, reducing external variability.

The data collection took place between 20 December 2025 and 12
January 2026, during which the first author was active in two ama-
teur orchestras. This period captured the late stages of the practice
cycles, including two public concerts, three home practice sessions,
and seven group rehearsals. The study covered a repertoire of five
orchestral works spanning various styles and difficulty (Table 1).
The participant had no prior experience with these pieces.

We recorded physiological measurements with the EmbracePlus
at its highest sampling rate in milliseconds. The device was contin-
uously worn on the left wrist. The participant did not have access
to physiological data during the study period to prevent bias. Au-
dio recordings provided by the orchestras and by the first author
were used for post-hoc labeling. After the data collection period,
we analyzed the EmbracePlus data which includes all biomarkers

calculated at a 1-minute resolution using Empatica’s proprietary al-
gorithm. In this analysis, we focus on EDA and skin temperature. In
addition, we tested several machine learning algorithms to predict
piece difficulty from physiological responses.

The session type was determined from the practice schedule. We
manually labeled the audio data for piece (5 works, Table 1) and
activity (actively playing vs. resting ). The labels were converted
from relative timestamps in milliseconds to absolute time using the
recordings’ end times. The data were summarized into 1-minute
segments; minutes containing mixed activities were labeled based
on the majority duration and then synchronized with the Embra-
cePlus data. The participant provided a subjective difficulty rating
(easy, medium, hard; Table 1) for each piece after the study, without
access to physiological data. We filtered for active minutes, yielding
a final dataset of 1136 active minutes.

3 Analysis
We used a series of generalized linear models (GLMs) with families
to match the distribution of two physiological measurements: EDA
and skin temperature. Each best-fitting model has the same inde-
pendent variables and excludes self-labeled difficulty, as it is a less
informative confounder with the piece. In Table 2 and Table 3 we
can see the results for EDA and skin temperature, respectively. The
GLM for EDA produced a pseudo 𝑅2 = 0.168, while the GLM for skin
temperature produced a pseudo 𝑅2 = 0.268. Although neither of
these results explains the majority of each respective physiological
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Table 3: GLM Results for skin temperature.

Variable Coefficient Std. Err. 𝑝-value

Intercept 31.69546 0.08844 < 2e-16***
Home Practice 0.12676 0.11517 0.271266
Group Rehearsal −0.33162 0.07871 2.72e-05***
Grieg Symphonic Dances −0.66025 0.09557 < 8.15e-12***
Mahler Symphony No. 1 0.26481 0.07555 <0.000475***
Mendelssohn The Hebrides Overture −1.36377 0.10438 < 2e-16***
Stravinsky Pulcinella Suite −0.86326 0.08434 < 2e-16***

𝑅2
McFadden = 0.268

Pairwise (Tukey) Coefficient Std. Err. 𝑝-value

Concert - Home Practice −0.127 0.1150 0.5138
Concert - Group Rehearsal 0.332 0.0787 <0.0001***
Home Practice - Group Rehearsal 0.458 0.0937 <0.0001***
Chopin Piano Concerto No. 2 - Grieg Symphonic Dances 0.660 0.0956 0.0001***
Chopin Piano Concerto No. 2 - Mahler Symphony No. 1 −0.265 0.0756 0.0043**
Chopin Piano Concerto No. 2 - Mendelssohn The Hebrides Overture 1.364 0.1040 0.0001***
Chopin Piano Concerto No. 2 - Stravinsky Pulcinella Suite 0.863 0.0843 0.0001***
Grieg Symphonic Dances - Mahler Symphony No. 1 −0.925 0.0914 0.0001***
Grieg Symphonic Dances - Mendelssohn The Hebrides Overture 0.704 0.1170 0.0001***
Grieg Symphonic Dances - Stravinsky Pulcinella Suite 0.203 0.0990 0.2429
Mahler Symphony No. 1 - Mendelssohn The Hebrides Overture 1.629 0.1010 0.0001***
Mahler Symphony No. 1 - Stravinsky Pulcinella Suite 1.128 0.0799 0.0001***
Mendelssohn The Hebrides Overture - Stravinsky Pulcinella Suite −0.501 0.0942 0.0001***

* 𝑝 < 0.05, ** 𝑝 < 0.01, *** 𝑝 < 0.001

Figure 1: Distribution of active minutes per difficulty label.

factor, that the models can explain some of the response is notable
given the noise in the data.

It is important to note that the results of the two GLMs do not
agree. For example, with EDA, concert sessions showed a signifi-
cant increase in response compared to home practice, while with
skin temperature there was no significant difference. This indi-
cates that the interplay between the physiological features and the

Figure 2: Permutation feature importance for KNN-based
piece difficulty prediction.

session/piece labels is complicated and requires a detailed analy-
sis of the possible interaction. In addition, it is notable that the
participant’s difficulty labels do not align with the physiological
responses. For example, while Grieg and Mahler were identified as
Easy and Hard, we found no difference in the EDA response. This
could indicate that merely being in the same concert provided too
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Figure 3: Stages of preparing for a musical performance; learning, mastering, coordination, and concert. Mastering and
coordination iterate across rehearsals to finally end in a performance.

much noise for differentiation or that the participant was impacted
by the difficulty outside of the periods for the labeled data.

To investigate whether physiological signals can predict the self-
evaluated difficulty rating (Figure 1), we trained seven classifiers:
Random Forest, Gradient Boosting, Logistic Regression, SVM, K-
Nearest Neighbors, Naive Bayes, and Decision Tree. For prediction,
we used four features: EDA, MET, pulse rate, and skin temperature.
The best model was selected using 5-fold TimeSeriesSplit CV from
scikit-learn [9] to respect the temporal structure. Before CV, we
divided the dataset into an 80/20 train-test split, using the last 20%
as the test set to avoid data leakage.

The K-Nearest Neighbors classifier (𝑘 = 7) achieved the highest
cross-validation accuracy of 44.6% (±28.8%), above the proportional
random baseline of 31.8%, though the large standard deviation
indicates that the estimate is unstable across folds. On the held-out
test set it reached an accuracy of 51.8% (Precision = 0.4632, Recall
= 0.3448, F1-macro = 0.3948), which shows some predictability.
Looking at the weighted metrics, we obtain Precision = 0.69, Recall
= 0.52, and F1-Score = 0.59. However, these values are skewed
as our test set did not include “hard" labeled pieces due to the
temporal split. The model could thus be assessed only on easy and
medium pieces, but not on the hardest class. We therefore treat
the prediction results as exploratory evidence that physiological
features carry some difficulty-related signal, and more data are
needed to build a full classifier.

The permutation feature importance (Figure 2) revealed that skin
temperature was the strongest predictor, followed by pulse rate and
MET. EDA had a negligible predictive value (−0.021), suggesting
that arousal-related signals alone are insufficient for predicting
difficulty.

4 Conclusion and Outlook
This study shows that in the context of an ensemble musical per-
formance, the sessions and music played can account for part of
stress-related physiological responses. This is promising as it shows
that a wearable could be used to inform performers about unknown
stressors and performance issues.

This limited single-participant study highlights both the poten-
tial and challenges of collecting physiological data in musical per-
formances. Music presents an interesting process in the lead-up to
a concert: pieces are first individually learned, gradually mastered
through repeated practice, while also requiring group coordination.
In addition, it is not a linear process, as group coordination often
informs what needs to be mastered (Figure 3). These building blocks
make music a rich area for HCI research. At the same time, data
acquisition is challenging, as the participant cohort is limited and
devices are costly.

To expand beyond the limitations of our single-participant study
and improve the generalizability of our findings, we are extending
this work into a larger study. A key direction is to rework the la-
beling process. Currently, labels are derived manually from audio
recordings, focusing only on sections where the participant is play-
ing. However, the labeling process is time-consuming and raises
privacy concerns when extended to more participants or group
practices with no orchestral audio available. Instead, we plan to
collect self-reported data after each rehearsal: the practice schedule
(which pieces were practiced, when, and in which context), the per-
ceived difficulty per piece for each session, and an overall difficulty
rating per piece. Beyond this, our goal is to expand the participant
pool and examine the interplay between physiological indicators.

Generative AI Disclosure
ChatGPT GPT-5.5 was utilized to generate Figure 3 from author-
written prompts with iterative revision instructions from the author.
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