
Research Question 

Selected Acoustic Features extracted via Librosa

What are the temporal dynamics of electrodermal activity (EDA) during music listening?
Music can evoke physiological responses that unfold over several seconds [1]. 
Electrodermal activity (EDA) is a widely used measure of autonomic arousal and is 
characterised by skin conductance responses (SCRs).
Objectives
• Characterise how phasic EDA evolves during listening to short music excerpts [2].
• Identify the timescales over which autonomic responses emerge in relation to the 
musical signal.
• Establish the EDA component of an ongoing multimodal framework, with EEG 
analyses currently in progress.

Temporal Dynamics of Electrodermal Responses to Music: A Step Towards Multimodal Brain–Body Analysis  
Francesco Murtas , Iran R. Roman , Charalampos Saitis 

PMEmo2019 Western Pop Music Excerpts, EDA recorded at 50 Hz during listening [2]. 

MUSIN-G  – Analyses OngoingFull length songs, Electroencephalography (EEG) through 128 channels, recorded during naturalistic music listening [3].
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For Onset and Envelope, decoding outperforms encoding, suggesting the autonomic response contains information not fully captured by forward linear modelling. Spectral features show weaker coupling.

Methodology

Three representative features show consistent coupling with phasic EDA, peaking around −5 s, reflecting the slow latency of skin conductance responses. Envelope, Bandwidth and MFCC3 show distinct coupling profiles.
 Main Findings

• Phasic EDA exhibits measurable coupling with musical stimuli.
• Associations emerge on a slow timescale, consistent with known EDA physiology.
• Decoding outperforms encoding for selected features, indicating temporally distributed autonomic responses.
• These findings support the use of EDA as a marker of music-evoked physiological dynamics.
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Towards Modelling
Step 1 Step 2

Lag-Correlation & TRF Analysis Selected State Space Model or Temporal Convolutional NetworkEDA completed, EEG in progress
Comparison with TRF

Tonic = slow baseline drift | Phasic = fast SCR events ( raw  - tonic )

t

EDA Processing
Raw EDA signal (50 Hz, PMEmo2019)

↓Tonic / Phasic decomposition via NeuroKit2
↓Phasic EDA z-scored per song
↓Mean phasic EDA averaged across participants

Phasic EDA captures skin conductance responses (SCRs) driven by sympathetic arousal

Lag-Correlation
Pearson r between each feature and phasicEDA at lags −10 to +10 s. 
• Lag-correlation profiles were computed at the participant level and aggregated across participant-song  recordings
• Results summarize temporal coupling patterns across 794 songs and 401 participants
•  Adaptive overlap constraints were applied to reduced edge effects at large lag values

Temporal Response Function(TRF): r(t) = Σ w(τ) · s(t−τ) + ε(t)
where r(t) = phasic EDA, s(t) = acoustic feature,w(τ) = TRF weight at lag τ, ε(t) = residual
Encoding 
Linear filter: acoustic feature → phasic EDA, cross-validated boosting (±10 s, 0.05–0.5 Hz) DecodingReverse mapping: phasic EDA → acoustic feature, same framework as encoding [4,5].

Results
Lag-Correlation: Acoustic Features vs Phasic EDA

 Potential Applications: Music therapy• Physiological Biomarkers • Affective computing • Personalised healthcare

TRF Encoding vs Decoding by Feature
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Features extracted at native audio rate, then resampled to 50 Hz to align with EDA sampling rate
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