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Introduction

Music affects more than emotion and cognition. It also changes physiological The replication used the HeartFM dataset to predict whether a participant was There are many explanations for why the results failed to meet the original
processes such as heart rate, respiration, and blood pressure, 1n listeners and in | hypertensive. Each node 1s one participant—track pair holding only that that remain open, such as my pipeline differing from the original
performers alike. Music cannot be treated as a single variable. Tempo, session’s physiological features and the edges carry the musical features and somewhere I did not 1dentify. There were also many constraints that made
loudness, rhythm, structure, and a listener’s own associations can all effect a passes them 1n both directions. After pre-processing the data, there were 117 the model difficult to use, a likely one being dataset size. Deep models
person’s response, so two pieces can move the body in different directions. participants with 1,025 usable particpant-track pairs. The model used an 80- generally require large quantities of training data, while HeartFM holds a
Studying this quantitatively requires converting both the music and the 20% train-test split on the participant level, meaning that any participant in limited number of participants. With little data, a complex model struggles
physiological response into measurable features. the training had all 9 nodes in the training to prevent any data leakage. to learn patterns that generalize to a new participant. Class imbalance 1s
Research Question: How 1s raw observation of music and human physiology . . . another. The dataset contains fewer hypertensive than non- hypertensive

turned 1nto structured data, and what can a model learn from the result? participants, so overall accuracy can stay high while the minority class 1s

M v dth fthat pineline: b . 9 nodes, one per track in the playlist | v missed. A third - . b b itself Ed
y summer work spanned three stages ot that pipeline: beat annotation, . . . . 20 physiological features per node largely missed. A third 1Ssue 18 the premise of the graph itselr. badges were

built on musical similarity, but musical similarity does not imply

physiological data collection, and replication of a graph neural network one hypertension label, shared by all 9

. . . participant 1 . . . . . .
(GNN) built by another researcher in the lab. . . . physiological similarity. Two pieces may share tempo and spectral
Fig 1: The label describes the person, not the session. The train/test split was made at the participant level, meaning no characteristics while producing different responses in different people.
participant appeared in both training and test sets.
Metho ds Five slightly different GNN models were made to try and optimize the results

®
and accuracy. The model returned 5 different percentages for the testing data: C Onc1u S1011
accuracy, precision, recall, specificity, and F1.

Beat tapping
A recorded live piano performance, which included six pieces and six 1. Batched, fully connected 2. Fully connected Three kinds of work fed one question. Beat tapping turned recorded
N > ] | Batches of 16. Every pair joined Every training node joiped to every . ) . .
etudes, needed beat annotations. I marked every beat by ear, listening to e b onsacrossaiches e AR T e defan one grenh performance into structured annotation, the HeartFM and trio sessions
all training nodes . . 4. .
each recording repeatedly and at several playback speeds. Tempo and e e produced the ECG and respiration recordings any analysis depends on, and
o
rhythmic features are derived from these marks and aligned against ¢ - W i the GNN tested what could be learned when the two are combined.
physiological signals. K., STQ O LTI IRIle The replication of that model did not reach the performance originally
Physiological data collection =% % e Sloe St g reported, and none of the five constructions closed the gap. The prediction
HeartFM study: Participants wore a one- or three-lead ECG, a respiration o5 task 1s left open rather than settled. The link between musical teatures and
. . 3. Similarity threshold 4. Threshold within batches 5. No edge features nderstandine the relationshi n musi nd human nhvsiol
drawn from d 3O_plece llbrarY9 SOMC Songs had altered tempos Or IOUdneSS An edge only where two trqcks' rpusica] The same 90% similarity rule, applied Batched and fully cqnnected, but edges U e Sta ¢ g t CIC at OnS p betwee usica d umd p ys O Ogy
Flve Sllent mlnutes Opened and ClOsed each 56531011 as 2 basellne features exceed 90% similarity. only inside batches of 16. carry no musical features. I‘eqU.lI’eS COlabOI‘athIl ACTOSS dlSClpllIleS and methdS MUSlC has tO be
* all training nodes
. . . o g . . batch batch batch batch 1 1 1 1 “ 1 ’
Trio performance study: A pianist, violinist, and cellist repeatedly . quantitied without losing the complexity that makes 1t meaningtul,
O O . . .
: @ ® @ O
performed the same pieces, roughly 50 performances over the summer, each " " . ° - . physiological responses have to be measured carefully, and computational
. - o O ' ~ . .
wearing a three-lead ECG and respiration belt, with the same silent o o oo o o ® o models have to be evaluated critically. A great deal of work remains before
1L,
. . . . .y o o ® o o ,° Lo g ® Tat: : :
baselines. Repetition separates a consistent effect from variation between . . * o ° * e ° these relationships are well understood, but this summer gave me a
performances. o-q © foundation for continuing to explore how music, data, and human
hysiology connect.
Graph Neural Network (GNN) Model Fig 2: One construction reproduces the original project, the other four include minor differences that were meant to Py sy
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