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Abstract. The flow state is desirable in many activities, e.g., while making music
or being active in Virtual, Augmented, and Mixed Realities. With the long-term
goal of creating affective systems that can consider the user’s flow state in real-
time, we evaluated an approach for real-time flow classification during networked
music performance using a deep neural network. We trained our classifier based
on physiological signals (PPG and GSR) that we recorded and annotated in a
laboratory study, including jamming musicians. The results that we present in this
paper confirm the technical validity of this approach while also facing challenges
that stem from inter-rater reliability and a heavily unbalanced dataset.

Keywords: Affective computing · Machine learning · Physiological signals ·
Flow state · Music collaboration · Networked music performance · Mixed
reality · Augmented reality · Virtual reality

1 Introduction

Flow is the state of being fully immersed in an activity, losing track of time and space
while being hyper-focused. It has been observed while engaging in sports, program-
ming, and music. The state of flow is usually reached while being in a “sweet spot”
regarding the perceived challenge level, and it was found to have positive impacts on
productivity and well-being. However, measuring flow through means such as self-
report questionnaires can be problematic since it is crucial not to interrupt or disturb the
activity through the employed measurement method. As such, an optimal method for
flow assessment would assess the user state purely from observation without deriving
any attention from the test subject. Classifiers that predict the test subject’s flow state
based on data gathered during activities could be highly advantageous for researchers
and enable effective systems that consider the user flow state and adapt to it in real time.

To investigate the feasibility of physiology-based flow classification in real-time,
we previously gathered data streams of Photoplethysmogram (PPG) and Glavanic Skin
Response (GSR) sensors (see Fig. 2) from jamming musicians in a laboratory study
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[38] (see Fig. 1), including mixed reality headsets for networked music performance.
After the jam sessions, the participants retrospectively annotated their flow state for the
recorded data streams. The study reported a substantially increased correlation between
PPG-based heart rate (BPM) and self-reported flow when participants wore mixed real-
ity headsets while making music and incentivized further research that explores real-
time flow classification using physiological signals.

In this study, we follow up on this work by using the corpus of previous studies
[38,39] to evaluate a first model architecture for flow classification using k-fold cross-
validation, separately for data from jamming while wearing mixed reality headsets (con-
dition B) and while only hearing each other in separated rooms, not wearing additional
headsets (condition A). We also conducted a feature ablation to evaluate the impact of
individual features on model performance. In this paper, we report our results and dis-
cuss limitations that need to be overcome to develop physiology-based flow classifiers
for musicians.

Fig. 1. A study participant jamming in mixed
reality.

Fig. 2. A shimmer sensor used for data collec-
tion.

2 Related Work

2.1 Emotional State and Musical Collaboration

Numerous research endeavors have illustrated the advantageous impacts of engaging
in music-related pursuits across various age groups, cultural contexts, and degrees of
musical inclination [44]. These benefits encompass a spectrum ranging from bolster-
ing self-esteem momentarily [10] to enhancing an individual’s emotional state [36] and
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cognitive faculties [37]. Keeler et al. determined that communal singing diminishes
stress and arousal levels, noting an elevation in plasma oxytocin concentrations among
musicians following improvisational singing sessions, which they attributed to the com-
munal aspect of musical improvisation [19].

Moreover, individuals engaged in musical endeavors may enter a state of flow
[6,11], a concept initially introduced by Csikszentmihalyi et al. in 1975 [3]. In a musi-
cal context, this state is characterized by an immersive joy experienced during musical
creation [4]. While direct induction or instruction of flow is improbable, enhancing con-
ducive conditions may heighten its occurrence [18]. For musicians, fostering optimal
performance conditions, such as interpersonal and emotional connectedness, or suitable
environmental settings, may facilitate flow [12]. Recent years have witnessed a surge
in flow research within musical contexts, with commonly utilized evaluation methods
including quantitative self-report surveys and qualitative interviews [41]. Fritz et al.
noted in 2007 that musicians frequently encounter flow during diverse musical activ-
ities, and its presence correlates with overall well-being [14]. Additionally, Wrigley
et al. discovered in 2023 that the experience of flow during musical practice remains
relatively stable across different age groups, genders, and instrumental families [45].
This aligns with observations of flow among improvisational jazz musicians [11] and
pianists [6]. Loepthien et al. identified a relationship between flow and subjective well-
being among individuals possessing a highly adaptable self-concept, along with evi-
dence linking flow to prior musical engagement and experience [23].

It is worth noting that the term “well-being” is frequently synonymous with posi-
tive affect, which various studies indicate can be augmented through musical engage-
ment [9,13,15,26]. However, subjective well-being comprises both positive and nega-
tive affect [7], with a nuanced interplay influencing long-term well-being and happiness
[7].

2.2 Music Making, Flow and Physiological Signals

Prior investigations conducted by Morgan et al. have delved into affective and behav-
ioral sensors [28] as well as physiological signals [27] during musical improvisation.
In the former study, the researchers noted synchronicities between shifts in rhythmic
patterns (defined as changes in rhythmic structures) and the heart rate of musicians
engaged in jam sessions. In the latter work, correlations between Electroencephalog-
raphy (EEG) and Galvanic Skin Response (GSR) metrics and self-reported levels of
Energy, Positivity, and Boredom were identified [27]. However, it should be noted that
these self-reported measures lacked psychometric validation.

A psychological state frequently observed in musical practice and extensively
explored in psychology literature [6,11,45] is the phenomenon of flow (refer to Sub-
sect. 2.1). De Manzano et al. proposed that flow represents the subjective experience of
a harmonious interplay between positive affect and heightened attention during perfor-
mance [6]. Empirical findings suggest that the underlying physiological mechanisms of
the flow state are associated with the Autonomic Nervous System [30], cortical activity
[8], and dopamine release [5]. Peifer et al. posited that the relationship between flow and
sympathetic arousal, as well as hypothalamic-pituitary-adrenal (HPA) axis activation,
follows an inverted U-shaped curve, where moderate physiological arousal facilitates
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flow, while excessive arousal impedes it [30]. Harmat et al. demonstrated an associa-
tion between the flow state and respiratory depth, as well as Low-Frequency Heart Rate
Variability (LF-HRV) [17].

In a study investigating flow experiences within virtual reality (VR) gaming con-
texts, Tozman et al. observed that flow was linked to reduced LF-HRV activity during
tasks requiring a balanced skill set [42].

Skin Conductance or Electrodermal Activity (EDA) serves as an indicator of overall
arousal and attention, providing a reliable measure of sympathetic activation. Kivikan-
gas et al. demonstrated that flow could be examined through EDA measurements, as
flow states typically coincide with physiological arousal, which is accurately reflected in
EDA readings [20]. Elevated levels of flow tend to correspond to moderate EDA levels,
often depicted by an inverted U-shaped function. Bian et al. presented a comprehensive
assessment model for quantifying flow experiences in VR gaming utilizing physiolog-
ical signals such as Heart Rate Variability, Respiration, and facial Electromyography
(EMG) [2]. These prior investigations informed the selection of EDA and HRV as pri-
mary physiological indicators for measuring and assessing the flow state. Specifically,
Galvanic Skin Response (GSR) was utilized as the raw signal for EDA measurement,
while Photoplethysmogram (PPG) was employed for HRV assessment.

2.3 Musical Collaboration in XR

Several endeavors have integrated Mixed Reality (MR) or Extended Reality (XR),
encompassing Augmented Reality (AR) and Virtual Reality (VR), into the development
of collaborative music systems. An overview of this domain is provided by Turchet et
al. [43], categorizing collaborative Musical XR systems into “networked systems” or
“multi-user experiences”. The former denotes systems capable of interfacing with a
variety of devices, facilitating multi-user interactions, while the latter offer opportu-
nities for creating shared social experiences [43]. Both types of systems can support
collaboration either on-site or remotely [43].

Early collaborative musical XR systems commonly employed tangibles like Fidu-
cial markers or cards for on-site collaborative manipulation [1,21,33]. Subsequent
developments introduced features such as minigames [32] or gesture-controlled vir-
tual instruments [16] for collective sound creation and manipulation. Other concepts
include usage of virtual step sequencers [25] or loopers [29,40], enabling holographic
composition in virtual or augmented spaces. However, in the mentioned works, mixed
reality primarily revolves around either comprising virtual instruments or being an inte-
gral part of them. To our knowledge, the emphasis on fostering co-presence through
mixed reality systems, such as real-time reconstruction of a remote musician in the
user’s environment, remains largely unexplored in a musical context.

Crucial design prerequisites for a system facilitating real-time remote music col-
laboration in MR include (1) enabling musicians to perceive their own musical instru-
ments while (2) concurrently visualizing their remote partner with their chosen musical
instrument in real-time. Mixed reality solutions capable of meeting these requirements
may involve MR solutions incorporating 3D avatars [46], perspective-corrected life-size
projections [31], or solutions integrating 3D data capturing and reconstruction [22,35].
While the first approach heavily relies on pre-installed assets like 3D avatars (and for
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music collaboration, 3D instrument proxies), the latter approaches rely solely on captur-
ing and reconstructing sensor data, thereby offering instrument flexibility while main-
taining high fidelity for posture and gesture transmission.

Reconstruction of sensor data in the remote user environment can be accomplished
by rendering voxels on Head-Mounted Displays (HMDs), as advocated by Regen-
brecht et al., who demonstrated real-time applications [35]. This approach has also been
employed for immersive 3D video playback [34] or interacting with reconstructed envi-
ronments [22]. Schlagowski et al. proposed a similar reconstruction of 3D sensor data
as an overlay for pass-through AR based on their findings from focus group interviews
with musicians [38] and observed increased levels of copresence and unhindered flow
in a subsequent study [39].

3 Methodology

3.1 Model Architecture

The models we trained and evaluated with k-fold cross-validation utilized three fully
connected hidden layers (sizes 32, 16, and 8). The models were trained using Adam
optimizer with a learning rate of 0.0002 and a batch size of 8. Further, we utilized BCE
loss with sigmoid output activation. For the BCE Loss, the flow class was weighted
with a factor of 5, as the corpus was unbalanced (in favor of no-flow).

For evaluating our approach, we used a nested k-fold cross-validation procedure.
Here, one k-fold cross-validation was used to find the optimal number of epochs, while
an additional, superordinate k-fold was employed for evaluating the performance.

3.2 Corpus

Our dataset was gathered during a laboratory study by Schlagowski and colleagues
in which pairs of jamming musicians were wearing Shimmer sensors, measuring and
recording GSR and PPG signals during musical improvisation [39]. In total, 13 pairs of
musicians were making music with each other in 13 individual test sessions, which were
comprised of two jam sessions each. In one jam session, musicians were jamming while
solely hearing each other (Condition A); in the other, they simultaneously saw each
other’s 3D representation in a video pass-through augmented reality mode (Condition
B). Schlagowski and colleagues found that musicians experienced similar levels of flow
in both conditions while experiencing increased levels of co-presence while jamming
in mixed reality (Condition B) [39]. To evaluate our approach for the conditions both
separately and combined, we split the Dataset by Schlagowski and colleagues into a
dataset that is solely comprised of physiological data from Condition A (data-split A
from hereon), Condition B (data-split B from hereon) and a dataset that contains all
available data (split AB).

Table 1 lists the 13 sessions, individual traits, and the data-splits (A, B, and AB)
they are included in. As can be seen, some data for some sessions got lost or needed to
be excluded due to technical problems during data collection.

From the GSR and PPG streams, which were recorded using the SSI framework
(source), we extracted features using the NeuroKit2 Toolkit by Makowski et al. [24].
Table 2 lists the features that we extracted along with their descriptions, source signals
and domain (time, frequency or nonlinear).
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Table 1. The test sessions, that each featured two musicians in two jam sessions, one while
wearing VR headsets (A) and one while only hearing each other (B).

No. Age Gender Instruments Expertise A B AB

01 67, 66 m, m drums, guitar advanced, advanced X X X

02 27, 28 m, m guitar, guitar advanced, advanced X X X

03 45, 41 m, m guitar, guitar advanced, advanced X X X

04 63, 51 m, m guitar, guitar professional, professional X X

05 30, 45 m, m ukulele, ukulele advanced, advanced X X X

06 46, 42 f, f bass, voice professional, professional X X X

07 21, 20 m, m bass, guitar beginner, beginner X X X

08 26, 25 f, f violin, guitar advanced, advanced X X X

09 18, 18 f, m guitar, bass advanced, advanced X X

10 63, 65 m, f guitar, ukulele advanced, advanced

11 69, 36 m, m mandolin, accordeon advanced, professional X X X

12 39, 30 m, m voice, bass advanced, advanced X X

13 30, 30 m, m guitar, guitar advanced, advanced X X

4 Results

We report our k-fold cross-validation results for three individual data splits:

A: The physiological data we gathered from participants who jammed with each other
while only hearing each other (condition audio-only).

B: The physiological data we gathered from musicians jamming while seeing each
other through mixed reality headsets (condition mixed reality).

AB: Data-splits A and B combined.

4.1 K-Fold Cross-Validation Results

Table 3 lists the aggregated results of the k-fold cross-validation. Figure 3 plots the total
weighted average F1-score for data-splits A, B and AB. Additionally, Figs. 4, 5 and 6
show confusion matrices for the three splits.

4.2 Feature Ablation Results

Additionally, we evaluated individual features by training models using a slightly mod-
ified architecture (the input layer dimension reduced to) and singular features exclu-
sively. Figures 7 and 8 display the weighted average F1 scores, both for conditions A
and B separately. Tables 4 and 5 list these scores together with the confusion matrix
values, macro average F1 and accuracy for conditions/modalities A and B.

5 Discussion

In previous work, we investigated correlations between individual physiology-based
features and the self-annotated flow labels for conditions A and B, respectively. Doing
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Table 2. Features we extracted using the NeuroKit2 Toolkit.

Abbreviation Signal Domain Description

ppg_mean PPG time domain mean heart rate

meanNN PPG time domain mean of normal R to R interval values

sdnn PPG time domain mean of normal R to R interval values

sdsd PPG time domain standard deviation of successive RR interval differences

cvNN PPG time domain coefficient of variation of R-R intervals

cvSD PPG time domain coefficient of variation of differences between adjacent
normal RR intervals

medianNN PPG time domain median of normal R to R interval values

madNN PPG time domain median absolute deviation of the normal RR intervals

pnn20 PPG time domain The percentage of adjacent normal RR intervals that
differ from each other by more than 20 ms

pnn50 PPG time domain The percentage of adjacent normal RR intervals that
differ from each other by more than 50 ms

pnn80 PPG time domain The percentage of adjacent normal RR intervals that
differ from each other by more than 80 ms

HTI PPG time domain HRV triangular index

TINN PPG time domain Triangular Interpolation of the normal RR Interval
Histogram

sd1 PPG nonlinear The standard deviation of the each point from the y = x
axis in Poincare plot

sd2 PPG nonlinear The standard deviation of each point from the y = x +
average R-R interval

sd1_sd2 PPG nonlinear The ratio between sd1 and sd2

s PPG nonlinear The area of the ellipse which represents total HRV in
Poincare Plot

lf PPG Frequency Domain The total power spectral density in frequency spectrum
between 0.05–0.15 Hz

hf PPG Frequency Domain The total power spectral density in frequency spectrum
between 0.15–0.5 Hz

lf_hf PPG Frequency Domain The ratio between low frequency and high-frequency
component

lf_perc PPG Frequency Domain The percentage of low-frequency component

hf_perc PPG Frequency Domain The percentage of high frequency component

mean EDA time domain average value of given electrodermal signal window

max EDA time domain maximum value of given electrodermal signal window

min EDA time domain minimum value of given electrodermal signal window

std EDA time domain standard deviation of given electrodermal signal
window

perc20 EDA time domain 20th percentile of given EDA window

perc80 EDA time domain 80th percentile of given EDA window

QuartDev EDA time domain the difference between the first quartile and the third
quartile in the frequency distribution
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Table 3. Aggregated k-fold cross-validation results.

Data-split F1 (weighted) F1 (macro) Accuracy True Negatives
(TN)

False Positives
(TP)

False Negatives
(FN)

True Positives
(TP)

A 0.684 0.577 0.670 11138 3944 2520 1977

B 0.647 0.434 0.610 10685 4625 2499 479

AB 0.663 0.490 0.650 22905 7487 5776 1699

Fig. 3. Total F1 scores. Fig. 4. Confusion Matrix for split A.

Fig. 5. Confusion Matrix for split B. Fig. 6. Confusion Matrix for split AB.

so, we found a Pearson correlation of 0.44 between BPM and flow in the mixed reality
condition (data-split B), which was substantially stronger than in the audio-only con-
dition A (Pearson’s r of 0.12) [39]. Based on this observation, we proposed real-time
flow classification for jamming musicians in mixed reality by using physiology-based
features. To follow up on this idea, we evaluated a DNN-based classification approach
on the data for conditions A and B individually and the data combined.

However, we did not observe a substantial increase in the weighted average F1 score
for data-split B and saw similar results for data-splits A, B, and AB instead (see Fig. 3.
Looking at the individual confusion matrices, we saw a substantial increase in false pos-
itives for split B. However, as the overall performance is similar to the performance of
split A, we conclude that our models must have learned feature-agnostic no-flow clas-
sification, as our unbalanced dataset contained more no-flow data. Our feature ablation
results further confirm this hypothesis. While the weighted average F1 scores for our
extracted features vary for split A (See Fig. 7), we see an identical value for 17 features
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Table 4. Results per feature for condition A.

Feature F1(weighted) F1(macro) Accuracy True Negatives
(TN)

False Positives
(FP))

False Negatives
(FN)

True Positives
(TP)

ppg_mean 0.64 0.43 0.70 13477 132 4365 1605

meanNN 0.63 0.42 0.68 13196 134 4363 1886

sdnn 0.63 0.45 0.65 12155 492 4005 2927

sdsd 0.61 0.42 0.62 11860 345 4152 3222

cvNN 0.57 0.40 0.57 10816 375 4122 4266

cvSD 0.64 0.45 0.66 12516 440 4057 2566

medianNN 0.62 0.43 0.64 12349 279 4218 2733

madNN 0.65 0.51 0.65 11596 1109 3388 3486

pnn20 0.65 0.44 0.70 13612 187 4310 1470

pnn80 0.64 0.47 0.64 11814 760 3737 3268

pnn50 0.62 0.45 0.63 11748 573 3924 3334

sd1 0.61 0.45 0.62 11479 609 3888 3603

sd2 0.63 0.45 0.65 12329 420 4077 2753

s 0.60 0.44 0.59 10904 694 3803 4178

sd1_sd2 0.67 0.46 0.73 14180 183 4314 902

HTI 0.64 0.45 0.67 12677 381 4116 2405

TINN 0.60 0.40 0.63 12221 126 4371 2861

lf 0.65 0.44 0.71 13699 182 4315 1383

hf 0.64 0.43 0.69 13400 157 4340 1682

lf_hf 0.62 0.41 0.67 13060 86 4411 2022

lf_perc 0.65 0.45 0.71 13625 212 4285 1457

hf_perc 0.64 0.43 0.71 13817 74 4423 1265

Table 5. Results per feature for condition B.

Feature F1(weighted) F1(macro) Accuracy True Negatives
(TN)

False Positives
(FP))

False Negatives
(FN)

True Positives
(TP)

ppg_mean 0.76 0.46 0.84 15310 0 2978 0

meanNN 0.76 0.46 0.84 15310 0 2978 0

sdnn 0.76 0.46 0.84 15310 0 2978 0

sdsd 0.76 0.46 0.84 15310 0 2978 0

cvNN 0.75 0.46 0.80 14479 77 2901 831

cvSD 0.75 0.45 0.81 14859 7 2971 451

medianNN 0.76 0.46 0.84 15310 0 2978 0

madNN 0.76 0.45 0.83 15266 0 2978 44

pnn20 0.71 0.43 0.72 13188 68 2910 2122

pnn80 0.76 0.46 0.84 15310 0 2978 0

pnn50 0.76 0.45 0.83 15141 5 2973 169

sd1 0.76 0.45 0.83 15157 0 2978 153

sd2 0.76 0.46 0.84 15310 0 2978 0

s 0.76 0.46 0.84 15298 0 2978 12

sd1_sd2 0.75 0.48 0.78 14126 162 2816 1184

HTI 0.76 0.46 0.84 15310 0 2978 0

TINN 0.76 0.46 0.84 15310 0 2978 0

lf 0.76 0.46 0.84 15310 0 2978 0

hf 0.76 0.46 0.84 15310 0 2978 0

lf_hf 0.76 0.46 0.84 15310 0 2978 0

lf_perc 0.76 0.46 0.84 15310 0 2978 0

hf_perc 0.76 0.46 0.84 15310 0 2978 0
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Fig. 7. F1 scores (weighted average) for the feature ablation in condition A.

Fig. 8. F1 scores (weighted average) for the feature ablation in condition B.

in split B (see Fig. 8). In these 17 instances, our model learned to predict no-flow exclu-
sively due to the biased dataset in split B, which is also reflected in the zero-values for
false and true positives in Table 5.

One reason for this prediction strategy change for split B is the drop-outs from
the individual data-splits. For instance, missing data from test session 4 in split B (see
Table 1) featured two professional guitarists playing on a high musical level and flow-
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ing continuously, thus shifting the overall label balance heavily towards flow for split
A when compared to split B. This illustrates a key challenge that would need to be
overcome in order to train reliable flow classifiers: The retrospective annotation of the
gathered data by study participants varied greatly, not only in regards to annotation
strategy, but also annotation frequency, which varied with the skill of musicians that
took part in the study. We thus aim to extend our dataset by gathering data from more
musicians that are also more similar in regards to proficiency with their instruments.

Overall, our approach performed best and substantially above chance in split A,
where the occurrence of flow-/no-flow labels was more balanced compared to split B.
As such, balanced datasets seem to be a prerequisite for achieving physiology-based
flow prediction using DNNs. However, gathering balanced data remains quite a chal-
lenge, as participants reported long intervals of no-flow, independent of whether they
were wearing HMDs or not. As we did not observe an increase in model performance
in the mixed reality condition (split B), we cannot confirm our previous hypotheses,
which expected a better prediction performance for classifiers using features from con-
dition B. Our feature ablation results show relatively evenly distributed performances
for individual features, which contradicts the previously observed Pearson correlation
of 0.44 between BPM and annotated flow in condition B [39].

6 Conclusion

In this paper, we reported on our experiments that explored a deep neural network-
based classification approach for the flow state of jamming musicians wearing PPG
and GSR sensors while making music. While we found challenges imposed by our
dataset, we can confirm that our approach performed substantially above chance while
not employing trivial strategies such as feature-agnostic prediction if the dataset is not
too heavily biased for the no-flow class. Our feature ablation results did not reveal
any physiology-based feature that stood out regarding model performance, which could
not confirm hypotheses from previous work that identified heart rate as a predominant
feature for flow classification. Furthermore, we did not observe a substantial increase in
model performance for data stemming from musicians jamming while wearing Mixed
Reality (or AR/VR) headsets compared to musicians who were solely jamming while
only hearing each other. Being the first study to investigate physiology- and DNN-based
flow classification, we can confirm that despite our dataset problems, our model could
still classify flow to some extent and perform above chance. Overall, we encourage
further research in this field by evaluating more model architectures and working with
a larger dataset that we aim to gather in collaboration with more musicians.
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