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The aim of this study is to evaluate whether 
continuous responses show evidence of distinct 
but repeatable temporal patterns of perception or 
experience to the same musical stimuli. In such 
cases as different patterns arise, there is the 
subsequent aim of evaluating the degree of 
difference and inform future discussion on the 
quantification of similarity and difference 
between individual continuous responses to 
music.
 32 experimental collections of emotion 
ratings to music and 32 random collections were 
clustered using three versions of each: the ratings 
in their origional form, sampled at 1Hz, the 
ratings post lowpass filtering with cutoff of 0.1 
Hz (zero phase), and the first order difference of 
the filtered responses after being down sampled 
to 0.2Hz.  (see figure 1.)
 These versions of the collections were then 
clustered hierarchically using pairwise distances 

This project includes analysis of many 
collections of continuous responses to 
music. The experimental collections are 
thirty two sets of emotion ratings on a 
single dimension to a single musical 
stimulus. Though they come from 
several experiments, each set is 
sampled at 1 Hz, on a scale ranging 
from 0 to 1, and average 30 responses 
per collection. Twelve collections are of 
emotion perceived in the music, half 
valence, half arousal (collected 
concurrently), twelve are of emotion 
felt by the participants, half valence, 
half arousal, and eight contain ratings 
of emotional intensity. The stimuli are 
all concert music pieces, mostly of the 
classical and nationalistic eras. 

For comparison, 32 random 
r e s p o n s e c o l l e c t i o n s w e r e 
c o n s t r u c t e d f r o m t h e s e 
experimental data sets by sampling 
randomly across collections. The 
resulting collections are composed 
of responses in different measures 
and of different stimuli, matching 
each experimental collection in 
number of responses. Note these 
collections are truncated to the 
shortest response included. These 
collections give a clue as to how 
unrelated response collection 
would perform under the same 
treatment, a check in inferring too 
much from the experimental data 
collections.

Following the clustering, the 
clusters were the assessed for 
internal cohesion and separation 
from their within collection pair. 
Figure 2 shows two examples of 
the cohesion measure results using 
cohesion measures in forms 
alternate to the clustering system: 
correlation based cohesion for 
Euclidean built clusters and vis 
versa. The top graph shows many 
experimental showing higher intra-
cluster correlat ion than the 
experimental responses (note these 
average r value are low because the 
information is very sparse in these 

series). The bottom graph shows a 
similar story with clustering by 
correlations have a consequence 
for some of having tighters 
clusters on the rating range as 
well. Keep in mind, though, that 
several experimental collections 
do not shore greater cross-criteria 
cohesion in their clusters than the 
random collections.

Also of importance is how 
different these clusters manage to 
be from each other. In this case, 
values similar to those of the 
random data is good, as they, by 

design, should contain more 
easily separable responses 
t h a n t h e e x p e r i m e n t a l 
collections. The top graph of 
figure 3 shows that few 
collections yielded clusters so 
different to cover the same 
range of low and negative 
correlations between the 
cluster means. In the bottom 
graph, there are only a few 
experimental collections have 
relatively high variance in the 
distance between cluster 
means. To get a sense of 
whether the cluster yielded 
any useful difference, below 
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Figure 1: The collection erceived valence ratings to orchestral excerpt 
composed by Rodrigo, in their raw state (left), after low pass filtering 
(middle), and the subsequent downsampled first order difference.
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Figure 2: Figure 3: Two distributions of cohesion 
measures values per collection’s pair of clusters, Above 
are the average Pearson correlations between differenced 
responses in each cluster on clusters formed using the 
euclidean distance between responses. Below are the 
average distances between responses per cluster on 
clusters formed by correlations between filtered responses

Figure 3: Two distributions of separation measures 
values per collection’s pair of clusters,
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Cluster 1,  17 of 35 responses, to Copland excerpt
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Cluster 2,  9 of 35 responses, to Copland excerpt
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Figure 4: Clusters from euclidean distance between filtered ratings of 
perceived emotional valence in the beginning of Copland’s Fanfare for 
the Common Man. The top graph is the first cluster with the average in 
black, second is the center most response in each cluster plotted beside 
the whole collections average response. Third is the rating change 
activity levels, which reports the proportion of each cluster changing 
ratings over in the 4 second sliding time window, and last is the second 
cluster of responses and the average rating.

The clustering in this example separates primarily differences 
of rating range use. Valence is a bipolar scale, often reported 
using an interface which marks the border between the 
positive and negative rating range. Here, nearly half of the 
participants report perceiving this piece as being mostly of 
positive valence, while another quarter reports mostly 
negative valence. While their contours and activity are pretty 
similar (with possible interesting differences around seconds 
63 and 98) this difference could be interpreted as categorical. 
This supports the idea that valence in music is often 
ambiguous and context and listener dependent.
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Cluster 1,  16 of 30 responses, to Sch1 excerpt
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Cluster 2,  8 of 30 responses, to Sch1 excerpt
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Figure 5: Clusters from correlation between filtered ratings of felt 
emotional arousal to the first movement of Robert Schumann’s string 
quartet in A major, presented in the same formate as figure 4.

Clustered using low pass filtered data, the most obvious 
difference between these clusters would have been somewhat 
dampened, but looking at the activity levels of the two 
clusters, there are many moments in which the first cluster 
reports moving up and down and up again in arousal while 
the second cluster continues a slower trend (ex: 150s, 290s), 
Over the course of this longer excerpt, these two groups 
rarely disagree, however the first cluster appears to report 
more variation more quickly than cluster two, suggesting that 
the difference here is not a matter of interpretation as much as 
differences in sensitivity, either of feeling or reporting. The 
distinction between these clusters is relevant, particularly 
when model responses from acoustical features which change 
at different rates. 

Figure 6: Clusters from the euclidean distance between filtered and 
differenced ratings of perceived emotional valence to the first few 
moments of the Adagio of Rodrigo’s Concierto de Aranjuez, presented in 
the same formate as figure 4.

Across the set of 32 collections, few showed disagreement as 
strongly as the perceived emotional valence ratings to this 
excerpt of the Concierto de Aranjuez. The cluster activity 
shows strong oppositional activity from around 50s to 80s, the 
interval in which, for this recording, the oboe enters. The two 
clusters are composed of nearly all the responses, but are split 
so evenly that the average response across the collection barely 
moves a smudge. In this case, the average is a very poor 
representation of these activty but contradictory reports of 
emotion perceived in the music. Previous attempts of using this 
average for training and testing of models of emotional valence 
using musical features have been thwarted by this miss-match 
of high activity and mean stability.
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Cluster 1,  17 of 35 responses, to aranjuez excerpt
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Cluster 2,  14 of 35 responses, to aranjuez excerpt
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• Clustering revels occasions of dissent in emotional rating responses to 
music. Though not discussed here, different clustering criteria results in 
separations which emphasise different time points of contention.

• When clusters show strong dissent this undermines the presumed utility of 
the average response of a collection. 

• Differences in sensitivity can be exposed by clustering, and should be 
explore more systematically in relation to traits of the individual 
participant.

This analysis is only a beginning to exploring the differences in response to 
the same musical stimuli, and there is still much to be done to improve 
statistics for cohesions, separation, and proper clustering criteria.

are select examples of experimental 
collections clusterings.
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of euclidean distance or Pearson correlations, and complete linkage. From 
the hierarchical clustering, clusters were extracted from the lowest cut 
which yielded two clusters each containing at least a quarter of the 
collections responses. Note that over the 32 experimental collections and the 
32 random collections (see Data box), some collections failed to yield two 
such clusters under some clustering paradigms.


