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Figure 1: Diagram showing roles and connections during data collection.

Abstract

The relationship between musical performance, perceived, in-
tended, and induced emotion by audience and musician is a
complex topic that has been studied for centuries. In the era of
Artificial Intelligence (AI), this topic becomes particularly im-
portant for the development of applications that assist in the
study and creative aspects of musical performance, enhancing
both the interpretative process and emotional expression. In this
paper we present a protocol for creating datasets that contain live
performances of music compositions, continuous and categori-
cal emotion annotations from the audience and the performing
musician, in addition to an array of biosignals recorded from
performers and listeners. The protocol is designed to contain a
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variety of musical contexts, from rigid etudes simulating practice
to free improvisation emulating pure expression. It is replicable
and agnostic of instrumentation, and its main purpose is to facili-
tate the development of Al applications that will enhance musical
expression. We provide the design and details of the protocol,
preliminary results from its implementation with professional
musicians and we discuss limitations and potential future re-
search directions.
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1 Introduction

In recent years, the expanding use of Al applications in the fields
of cultural industries and artistic creation has led to a growing
interest in the development of new datasets centered on multime-
dia, particularly audio and visual data. Specifically in the field of
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music, despite the immense interest in exploring the connection
between human emotions and the art of musical expression and
creation, as well as the creative mechanisms and expressive tools
employed by artists to evoke these emotions, very few datasets
have been developed to provide a fertile ground for conducting
in-depth scientific research on these topics [12].

This study outlines the design and implementation of a novel
protocol, serving as a guide for constructing comprehensive,
open-source datasets along with preliminary results of its im-
plementation. The proposed protocol defines various musical
tasks to be performed at different levels of expressivity while
capturing biosignals and emotion annotations from the audi-
ence and the performer. Research indicates that physiological
responses, including heart rate, skin conductance, and brain ac-
tivity, are closely tied to emotional experiences, whether they
are consciously perceived or not [26]. In our implementation, the
resulting dataset includes recordings of electroencephalogram
(EEG), electrocardiogram (ECG), galvanic skin response (GSR),
multi-source audio, scores, video, as well as real-time continuous
valence-arousal annotations, categorical emotion labels and per-
formers’ interviews. While existing literature includes a broad
range of datasets derived either from music collections or live
recordings of pre-existing compositions that do not follow any
specific recording protocol [20, 34], the organizational challenges
and high resource demands of live recording (especially when an
audience is involved) have resulted in a limited number [14, 16]
of proposed recording protocols that focus on specific research
hypotheses.

The choice of live performance, with dual annotations from
both a small audience and the performer, despite the complex-
ity of the data collection process, allows for capturing various
parameters of expressivity and emotions in a context where it is
more fluid and influenced by the performer [34]. It also enables
the repeated performance of musical works with varying degrees
of expressivity, the study of the emotions evoked in relation to
each section of the musical piece, mode, or scale, as well as the
examination of the emotional function of music in the contexts of
score reading, personal repertoire, or an improvisational setting.
While other works focus on listener-perceived emotions using
categorical or continuous emotion annotations in a particular
context (usually recorded compositions) [10, 19, 27, 30], our pro-
posed approach captures both listener and performer emotions,
across different contexts and modalities, with a particular interest
in the correlation or the incongruity between them [9]. We argue
that the resulting dataset will facilitate a deeper understanding
of the link between musical expressivity and emotional response
by integrating subjective annotations and biosignals in live per-
formance settings. It will also enable Al applications that will
enhance the process of performing music (e.g., modulating effects
[7]), instead of applications focused on listening to music (e.g.,
conditional generative music).

Several emotion-labeled datasets exist that use music stimuli
and biosignals. The DEAP dataset [15] records EEG and periph-
eral physiological responses from participants watching music
videos, with self-reported valence and arousal ratings. Similarly,
DECAF [1] incorporates magnetoencephalography (MEG), ECG,
and other biosignals to analyze emotional responses to both
music and movie stimuli. The EEGLife dataset [3] focuses on
EEG-based emotion recognition using specifically composed mu-
sical pieces designed to evoke happiness, sadness, calmness, and
anger. Additionally, studies utilizing the MediaEval dataset [21]
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have implemented machine learning approaches for music emo-
tion recognition (MER), refining classification models to improve
accuracy in valence-arousal space. These datasets serve as valu-
able resources for studying the relationship between biosignals
and emotional responses to music. Unlike these datasets, which
use pre-recorded stimuli or controlled compositions, our dataset
captures multimodal biosignals and emotional responses in a
live performance setting, where expressivity naturally emerges
through performer-audience interaction.

To ensure the quality and usefulness of collected data, in addi-
tion to reproducibility and extensibility, the proposed protocol
(described in Section 2) facilitates the participation of musicians
across musical genres, instruments, and experience, while its
rigidity enables capturing emotion and expressivity related data
in a structured way. This results in a diverse, but structured
dataset, supporting interdisciplinary research across different
aspects of music and emotions. One of the primary challenges in
constructing such datasets is ensuring alignment and synchro-
nization across modalities, as each data type presents different
temporal and structural characteristics [4, 22], in addition to en-
suring diversity in musical genres and metadata completeness
while addressing missing data and annotation inconsistencies
[25]. Furthermore, the data collection conditions can have a sig-
nificant impact on the validity of the dataset, especially given
the sensitive nature of biosignals, thus when implementing the
protocol it is imperative to ensure the minimization of stress.
Our specific implementation that addresses these challenges is
described in section 3. Finally, given the wealth of information
available in such a dataset, there is a large variety of statistical
and machine-learning methods that might be used to extract or
infer potential patterns, correlations, or other interesting infor-
mation [18]. As our data collection process is still ongoing, in
Section 4 we provide some higher-level statistics for the data that
we have gathered so far, while in Section 5 we discuss current
limitations.

2 Data collection protocol

Our proposed protocol for data collection is designed to ensure
consistency, alignment, and a well-balanced dataset. It addresses
a specific research gap by capturing simultaneous physiological
and emotional responses from both performers and listeners in
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live settings. To mitigate bias due to fatigue and annotation drift,
the phases are executed in a randomized order.

2.1 Participants

The protocol includes performers, whose biosignals are recorded
while they provide categorical emotion annotations, and audi-
ence members, who act either as annotators (providing both
continuous and categorical annotations) or as passive listeners
(whose biosignals are recorded and who provide categorical an-
notations).

2.2 Protocol’s Recording Phases

Phase 0: Reception and Calibration

Phase 0 (PHO) serves as the preparatory stage, including par-
ticipant reception, consent signing, and sensor calibration. Audi-
ence empathy is assessed using the Toronto Empathy Test [28],
and their emotional state is measured with the PANAS scale [32].
Equipment and instruments are logged, participants are reminded
that the session will be recorded, and sensors are attached with
biosignals verified. Calibration tasks follow: PHO_TO records
resting-state biosignals for two minutes in darkness, while PHO_T1
assesses sensor response to performer movement as they play a
single note. Performers may then take an optional three-minute
warm-up (PHO_T2).

Phase 1: Common Repertoire

Phase 1 (PH1) comprises 9 tasks: 7 Etudes (PH1_T0-PH1_T6)
composed by our team’s professional jazz musician, each based
on a different diatonic mode (Ionian, Dorian, Phrygian, Lydian,
Mixolydian, Aeolian, and Locrian), selected for their systematic
variation and their established association with distinct emotional
characters in music perception research [29]. It also contains two
renditions of Greensleeves; non-expressive (PH1_T7) and expres-
sive (PH1_T8). This selection encompasses both major and minor
modes, with Greensleeves featuring a minor-to-relative-major
transition. Although cultural familiarity with Greensleeves may
influence listener responses independently of performer expres-
sivity, its widespread recognition offers a consistent reference
point across participants. Musicians receive the sheet music in
advance and perform each task for two minutes in their pre-
ferred key and tempo. This standardized approach facilitates
cross-performer analysis and provides valuable data for Al appli-
cations and comparative studies.

Phase 2: Personal Choice Repertoire

In Phase 2 (PH2), performers record four tasks (PH2_T0-PH2_T3),

performing two self-selected public-domain pieces each in non-
expressive (PH2_T0, PH2_T2) and expressive (PH2_T1, PH2_T3)
conditions for 2-3 minutes. They are instructed to choose pieces
of varying difficulty. This phase enables informed expressive
variation [11] through familiarity with the repertoire.

Phase 3: Improvisation

Phase 3 (PH3) consists of two tasks: free solo improvisation
(PH3_T0) and improvisation over a sustained single-note drone se-
lected by the performer!. Improvisation allows for unconstrained
expressive variation and is commonly used to study creative mu-
sical behavior in less structured contexts [2]. This phase also
enables analysis of differences in improvisational approaches

INo stylistic constraints were imposed; performers were free to improvise in any
style or idiom.
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across performers with varying levels of improvisation experi-
ence.

2.3 Interviews

Short interviews are conducted after each performance phase
(PH1_Q1, PH2_Q2, PH3_Q3), with a longer interview (Q4) at the
end of the session to gather musically-driven annotations, eval-
uate proposed methods, and assess the musician’s experiences.
These interviews, recorded in audio and video, explore expressive
techniques, stress or boredom, and provide insights on improvi-
sation, repertoire choices, and familiarity and perspectives of Al
in music performance.

2.4 Annotations

To investigate the correlation between expressivity and emotion,
we included continuous and categorical annotations. Continuous
annotations, based on Russell’s circumplex model [24], capture
moment-to-moment emotional changes. Categorical annotations,
using the GEMS-9 scale (tension, power, joy, wonder, tenderness,
transcendence, peacefulness, nostalgia, sadness) [8], provide a
broader emotional assessment, with an optional neutral label.

2.5 Instructions to participants

The protocol provides clear instructions for participants, ensur-
ing understanding of upcoming phases and tasks, and proper
data collection. Performers were instructed to perform the non-
expressive rendition with minimal dynamic variation, a steady
tempo, and neutral articulation, functioning essentially as a me-
chanical reading of the score. The expressive rendition was left
to the performer’s interpretation. Participants are informed they
may request breaks and are encouraged to approach the session
like a live performance, without stopping for mistakes. A relaxed
atmosphere is maintained, and volunteers are reminded they can
leave at any time.

3 Implementation

Each recording session lasts approximately three hours. The first
hour is allocated to briefing, soundcheck, sensor placement, and
testing, while the remaining two hours are used for all experi-
mental phases and interviews with scheduled breaks. Sessions
take place in a university recording studio comprising a con-
trol room and a main recording room (Fig. 1). The control room
hosts the sound engineer, while the recording room includes per-
formers, audience members, and research staff. Data collection is
supervised by three researchers handling biosignals and video
recording. The audience consists of three annotators and one
passive listener equipped with biosensors.

3.1 Data Collection

The data collection includes a recording studio with audio-visual
equipment, laptops and smartphones for emotion annotation,
and wearable sensors for physiological measurements. All data
streams are synchronized through universal timestamps and spe-
cific audio cues during each performance session.

The recordings are conducted in a multi-channel format, uti-
lizing high-quality A/D and D/A converters, a digital audio in-
terface supporting MADI to ADAT conversion, and digital audio
workstation (DAW) software. The preamplifiers used are high-
gain, low-noise solid-state models, accommodating up to seven
channels with precise gain control and transparent sound quality.
In the recording room, each musician is assigned between one
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and five microphones, depending on the directivity and acoustic
characteristics of the instrument. The microphones are selected
and positioned to optimize sound capture within the signal chain.
Various polar patterns, including cardioid, hypercardioid, and
omnidirectional, are used, with a frequency response of 20 Hz-20
kHz and a sensitivity of -45 dB. Each audio channel records in
uncompressed mono WAV format, with 24-bit PCM encoding, a
48 kHz sampling rate, and a bitrate of 1152 kbps. Musicians each
have a dedicated microphone for interviews, while a separate
microphone is used by a researcher for control room communi-
cation and interview recording.

For video recording, a mirrorless camera with a 20.9 MP APS-
C sensor is employed, capable of capturing 4K UHD video at 30fps.
Mounted on a tripod, the camera is positioned to clearly capture
the musicians’ faces, hands, instruments, and any additional
equipment during the performance, ensuring high-quality visual
documentation of the session.

For the real-time valence-arousal emotion annotations by
the audience, we developed a web application?, where the user
can track their emotions continuously using their mouse. The
position of the mouse is sampled every 1 second, and is mapped
to valence-arousal values. The app has three additional screens, a
login/signup page, a page where the task/phase is chosen (before
the continuous annotation starts), and a page with the categorical
labels for the participant to choose from, in addition to the two
Likert scales (enjoyment, familiarity).

Biosignals are collected using a headband EEG device with
four dry electrodes placed at O1, O2, T3, and T4 locations, ac-
cording to the International 10-20 System 3. The device includes
a reference electrode and a common sensor, sampling at 250 Hz.
A separate wearable ECG sensor monitors breathing, and heart
rate, featuring an electrostimulation function with a frequency
of 1000 Hz. The sensor includes two disposable electrodes for
body attachment. The GSR sensors are integrated into the same
device as the ECG sensor for comprehensive physiological data
collection, with data collected at a sampling rate of 500 Hz. All
biosignals are transmitted via Bluetooth Low Energy to dedi-
cated computers, which capture and store the data in JSON files,
recording the transmitted values along with their corresponding
timestamps.

3.2 Data organization

We developed a domain-specific ontology to organize the dataset
as a semantic knowledge graph. This ontology defines hierarchi-
cal classes for human participants, data artifacts, and recording
components, interconnected through object properties and en-
riched with contextual data properties. It also incorporates de-
tailed equipment metadata and enables logical reasoning via RDF
schema implementation, with provisions for future integration
with existing music ontologies.

4 Preliminary Results

We validated the protocol using data from 16 recording sessions,
which include physiological signals, musical features, and emo-
tional annotations across different expressivity conditions, along
with performers’ demographic information. Sessions involved

https://witheflow.ails.ece.ntua.gr/annotator/

3Dry-electrode EEG systems present known signal quality limitations compared to
gel-based research-grade devices, particularly in low-frequency bands [13, 23, 33].
The electrode placement used here (O1, O2, T3, T4) does not cover frontal sites
associated with valence-related alpha asymmetry, limiting EEG-based inferences
primarily to arousal-related features.
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16 unique solo performers performing grand piano, electric and
classical guitar, electric bass, double bass, tenor saxophone, ac-
cordion, percussion, ney, cretan lyra, lute, violin.

4.1 Data Preprocessing

In the data preprocessing step, we applied various techniques to
process and extract features from the ECG, audio, EEG, and GSR
data. ECG preprocessing involved detecting R-peaks to calculate
RR intervals and heart rate, with missing values in the RR inter-
vals filled using linear interpolation. Based on the interpolated
RR intervals, we computed the heart rate variability (HRV) and
the Baevsky Index, resulting in two values at a frequency of 1 Hz.
For audio feature extraction, we used Essentia [5], analyzing the
signal with a frame size of 4096 samples and a hop size of 2048
samples, extracting Spectral Flux and Attack Slope features. For
the EEG data, we extracted power from the Alpha (8-13 Hz), Beta
(13-30 Hz), and Theta (4-8 Hz) bands and derived two features:
the proportion of Alpha power to the total power of all three
bands, and the proportion of Beta power to the total power of
all three bands. For the GSR data, we calculated the Area Under
the Curve (AUC) by integrating the GSR signal over time and
determined the peak frequency by counting how often peaks
occur in the GSR signal.

4.2 Phase Comparison

In Figure 3%, we compare feature averages between listeners and
performers, using PH1 as baseline. Both groups show similar pat-
terns, particularly in alpha power, which peaks during personal
repertoire (PH2) and improvisation (PH3), aligning with previous
findings [17]. HRV also shows parallel trends, with higher values
(indicating calmer states) during repertoire and improvisation
phases.

Conversely, some features differ between performers and lis-
teners. Beta power is highest during PH1 for performers but
lowest for listeners, suggesting different engagement patterns
between unfamiliar pieces (PH1), personal repertoire (PH2), and
improvisation (PH3). The Baevsky stress index also varies: per-
formers show the lowest stress during the simple PH1 pieces,
while listeners experience peak stress during improvisation ses-
sions, possibly reflecting the musical tension-resolution patterns.

Another interesting difference between performer and listener
appears in the categorical emotion labels “Happiness” and “Sad-
ness”. These were chosen to display as the two overall most
frequent labels. Self-reported happiness appears more frequently
in PH2 both for musician and listener, whereas for improvisation
“Happiness” appears more frequently in performer responses
when compared to listener responses. This could be the result of
listeners choosing emotions such as “Wonder” or “Transcendence”
instead, which the musicians might be reluctant to. Similarly “Sad-
ness” appears very sparsely in listener responses, where they
preferred to use labels such as “Nostalgia”, whereas for musicians
the most common label given to their own improvisation was
“Sadness’.

“In Figure 3, left and right panels correspond to performers and listeners, respec-
tively. Feature values are averaged within each phase after per-participant nor-
malization, providing a high-level comparison across experimental conditions;
we acknowledge that this approach does not explicitly control for task duration
differences or temporal structure within phases, and therefore results should be
interpreted as phase-level descriptive trends. While multimodal physiological and
emotional measures are presented jointly, their relationships are interpreted as
exploratory co-variation rather than as outputs of a formal statistical model, with
no causal claims implied.
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Figure 3: Comparison of the mean normalized values of multimodal features across different phases, using PH1 as the

reference.

Figure 3a also depicts audio features averaged for the different
phases, in particular Spectral Flux and Attack Slope. Spectral
flux measures the magnitude spectrum of consecutive frames,
where higher values indicate more changes in frequency content,
where as expected values are higher for repertoire and impro-
visation when compared to the etudes. Similarly attack slope,
that measures the steepness of the attack, where higher values
indicate more percussive sounds and can relate to more rhythmic
qualities of music, exhibits similar behaviour.

Finally, Figure 3b also depicts GSR features that were only
captured by listeners. In particular, GSR peak frequency can be
interpreted as the frequency of arousal events, whereas GSR
AUC can be interpreted as the cumulative arousal across the
signal. For both of these features the highest values appear for
PH3, indicating similarly to the Baevsky index a more intense
experience. On the other hand, PH2 has a higher value of GSR
AUC and a lower value of GSR peak frequency, indicating a more
constant state of arousal as opposed to improvisation where
arousal seems to appear more in bursts.

4.3 Expressivity Comparison

In Figure 4, we analyze the multimodal features comparing ex-

pressive (PH1_T8, PH2_T1, PH2_T3) versus non-expressive (PH1_T7,

PH2_T0, PH2_T2) musical performances. The physiological re-
sponses reveal distinct patterns between performers and listen-
ers. For performers, Beta Power increases during non-expressive
performances, suggesting heightened cognitive load, while the
Baevsky Index shows reduced stress levels during expressive play-
ing, indicating a more natural state of musical flow. In contrast,
passive listeners exhibit elevated GSR measurements (both Peak
Frequency and AUC) and increased HRV levels during expres-
sive pieces, suggesting enhanced emotional arousal and engage-
ment. Their emotional dimensions also show clear differentiation,
with Valence and Transcendence measures displaying notable
increases during expressive performances.

The acoustic analysis provides additional context through
audio features that characterize the musical content itself. Ex-
pressive performances demonstrate consistently higher values
in both Spectral Flux and Attack Slope, indicating richer timbral
variations and more pronounced rhythmic articulation. These
audio characteristics align with the physiological and emotional
responses observed, suggesting that the increased musical ex-
pressivity manifests both in the acoustic properties of the per-
formance and in the biological responses of both performers and
listeners.

4.4 Demographics

The demographic data reveal a highly educated group of partici-
pating musicians, with 69.2% holding a master’s degree and 15.4%
holding a PhD. The participants’ musical education backgrounds
show diverse training paths: 23.1% studied at a conservatory,
23.1% at a university, and 38.5% attended both institutions, mean-
ing 84.7% of participants received a formal musical education. The
remaining 15.4% had no formal institutional training. Regarding
musical capabilities, 61.5% have training in improvisation, and
only 7.7% have no experience in reading music scores. The par-
ticipants’ years of experience in music varied across age groups,
with the highest concentration of experience found in the 34-41
age range. Additionally, their familiarity with Al showed varying
levels on a 1-5 scale, with most participants indicating moderate
to high familiarity (levels 2-4), while fewer reported very low
(level 1) or very high (level 5) familiarity.

5 Limitations

We treat expressivity as a performer-controlled variable rather
than a theoretically defined construct, acknowledging that this
operationalization captures intended expressivity rather than
a universally defined attribute. The binary framing serves as a
methodological simplification to enable comparison, while the
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Figure 4: Comparison of the mean normalized multimodal feature values across expressivity conditions.

continuous annotations and interviews are intended to capture
the nuance that a binary label necessarily flattens.

The protocol has inherent Western music biases, evident in the
choice of etudes and repertoire. While some Middle-Eastern/East
Mediterranean music is included, most participating musicians
have Western music training. Due to varying levels of familiarity
with the seven modes specific compositions-etudes were created
which would be played in repetition, and where the majority of
the musicians read the etude from the score. While free modal
improvisation with time-annotated transformations would be
ideal, this was not feasible due to classical musicians’ limited
improvisation experience. Furthermore, in our implementation,
the data we have collected so far exhibits some clear demographic
biases of the musicians (sex skews male, age skews high), and
of the audience members. Another important limitation of our
implementation of the protocol is the quality of the biosensors
that we use. These are commercial-grade sensors with a limited
number of electrodes and resulting fidelity and are not medical
grade, which makes the collected data less suitable for biomed-
ical or other research that may require higher fidelity signals.
Additionally, not all aspects of our experimental setting are fully
controlled for as they would be in a medical study”. Finally, how-
ever, while our analysis suggests the validity of the collected data,
we are unable to draw stronger conclusions at this stage.

6 Conclusion and Future Work

This work introduced a data collection protocol for multimodal
datasets, including audio, video, scores, biosignals, and emo-
tion annotations from both audience and performers. We im-
plemented it with professional musicians in a recording studio
and discussed preliminary findings. We are also adapting the
protocol for ensembles, home-studio settings with amateur musi-
cians, and different musical cultures, such as makams in Middle

SPhysiological signals such as HRV, GSR, and EEG band power are non-specific and
should therefore not be interpreted as direct measures of emotional or expressive
state; the analyses are descriptive and exploratory.

Eastern music and ragas in Indian classical music. Finally, we
are exploring applications of these multimodal datasets for de-
veloping Al systems that could support expressive performance.
Potential applications include automatic effect modulation based
on real-time physiological and performance data streams [6, 31].
Such systems would utilize our multimodal emotion recognition
framework to make interpretable inferences, while maintaining
performer control over the augmentation parameters. This ap-
proach aims to enhance rather than constrain the natural aspects
of musical expression, ensuring musicians retain agency over
their performance.

7 Ethics Statement

This study adheres to ethical guidelines for human research, en-
suring informed consent, data privacy, and transparency in data
handling. Ethical approval was obtained from the local ethics
committee of the National Technical University of Athens. Per-
formers were appropriately compensated for their participation,
while audience members contributed on a voluntary basis. To
address copyright concerns, all recorded music is either in the
public domain, original compositions by the research team, or
performer improvisations, for which participants have agreed
not to claim copyright, ensuring no copyright restrictions. These
measures uphold ethical integrity and support the open accessi-
bility of the resulting dataset. Biosignals are treated as personal
health information, and they are captured, stored and transferred
taking into consideration best practices for data security and
transparency in handling. The societal impact of this work could
be significant, facilitating the development of new tools that
will enhance expressivity during musical performance. However
this would entail that if such tools were developed commercially,
some entity would have access to sensitive data of musicians, and
without proper safeguards could be used for alternative purposes,
or even maliciously.
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