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Clustering emotional responses to the same music The Data Collections

The alm Of thlS Study 1S tO evaluate Whether anw rating cgllection, to‘aranjuez e?(cerpt 1 Low pass‘filtered ratirwgs coIIection Differe1nce of downéampled Lc?w pass filtfered ratings ThlS pI'O_]GCt lncludes anaIYSIS Of many FOI‘ COmpaI'ISOIl, 3 2 random

continuous responses show evidence of distinct o | collections of continuous responses to response collections were

but repeatable temporal patterns of perception or music. The experimental collections are constructed from these
experience to the same musical stimuli. In such thirty two sets of emotion ratings on a  experimental data sets by sampling
ca]ies as different fpattelins .arlse,h thedre 15 th?f = single dimension to a single musical randomly across collections. The

SUlSEguEtl e € euellEling e cegiee ¢ stimulus. Though they come from resulting collections are composed

difference and inform future discussion on the _ . : 1

S C . os | several experiments, each set 1s of responses in different measures
quantification of similarity and difference - : . .. :
T : T a—rs sampled at 1 Hz, on a scale ranging and of different stimuli, matching

between individual continuous responses to S : : .

— from O to 1, and average 30 responses each experimental collection 1n
30 expetimental oollsction N oE N emonion Figure 1: The collection erceived valence ratings to orchestral excerpt per collection. Twelve collections are of number of responses. Note these

ratings to music and 32 random collections were composed by Rodrigo, in their raw state (left), after low pass filtering emotion perceived in the music, half  collections are truncated to the

Clustered using three Versions Of each: the ratings (mlddle)) and the SubSequent dOWﬂSClmpledﬁl’St OFder dﬁerence‘ Valence, half aI'Ousal (COlleCted ShOI‘teSt I'eSpOIlse inCIUded. These

in their origional form, sampled at 1Hz, the . . . . concurrently), twelve are of emotion collections give a clue as to how

ratings post lowpass filtering with cutoff of 0.1  ©f euclidean distance or Pearson correlations, and complete linkage. From felt by the participants, half valence, unrelated response collection

Hz (zero phase), and the first order difference of th}el. }llllemrclglcciﬂ clustelrmg, cluste}:lrs WeEre §xtracte§1 from the IOWGS; Cllllt half arousal, and eight contain ratings would perform under the same

the filtered responses after being down sampled ~Which yielded two clusters cach containing at least a quarter ot the of emotional intensity. The stimuli are  treatment, a check in inferring too

to 0.2Hz. (see figure 1.) collections responses. Note that over the 32 experimental collections and the o :
e ST - 32 random collections (see Data box), some collections failed to yield two Ml COMSEHRT LN [PIEES, MBI Gt e mIteln 1ol 1S GpEEiclEl G2
These versions of the .collecpon‘s were then e p luster ’ p Y classical and nationalistic eras. collections.
clustered hierarchically using pairwise distances SUCH CHUSICIS UNACT SOME CIUSICTING pdradigs.
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CIUSterS COherence and Separatlon Cohesion measure values on clusters from Euclidean distance bewteen responses
12} — . . .
Following the clustering, the series). The bottom graph shows a 1ol Ll design, should contain more  are select examples of experimental
g s - g 81 1 1 1
clusters were the assessed for similar story with clustering by i casily separable responses collections clusterings.
internal cohesion and separation correlations have a consequence 4 | than the experimental
. . . . . . . 2+ f . Separation measure values between clusters from Euclidean distance between filtered responses
from their within collection pair. for some of having tighters : 1 LIl collections. The top graph of 10~
. . 0 0.02 0.04 O.QG 0.08 . 0.1 0.12 0.14 0.16 0.18 fi ure 3 ShOWS that few al
Figure 2 shows two examples of clusters on the rating range as Average correlation beteen diferenced responises gure :
. . . . Cohesion measure values on clusters from correlations on filtered responses L
the cohesion measure results using well. Keep in mind, though, that —— collections yielded clusters so 6
. . . . > : ar
cohesion measures 1n forms several experimental collections —iy different to cover the same !
alternate to the clustering system: do not shore greater cross-criteria range of low and negative 1B
. . o . o -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8
correlation based cohesion for cohesion in their clusters than the correlations between the Cortlaton btween cluster means
. . . . - Separation measure values between clusters from correlations of the differenced filtered responses

Fuclidean built clusters and vis random collections. o cluster means. In the bottom

Versa. The top graph ShOWS many > O.szerage in(t)é?—respon(s):EucIidea?].(Sjistance oe o graph9 there arc Only d few

experimental showing higher intra- Also of importance is how . . o _ experimental collections have

0 lati h he diff h 1 Figure 2: Figure 3: Two distributions of cohesion relatively high variance in the

s USt.er correlation than the different these clusters Mmanage 10 neasures values per collection’s pair of clusters, Above dist bet lust

experlmental IreSponscs (nOte these be from each other. In this CasSC, are the average Pearson correlations between diﬁ(erenced 1stance ctween cluster

average r value are low because the values similar to those of the responses in each cluster on clusters formed using the TCaNSs. To get a sense of PO Standard deviaton of distance bewtsen cluster means

average distances between responses per cluster on any useful difference, below Figure 3: Two distributions of separation measures
X clusters formed by correlations between filtered responses values per collection s pair of clusters, y
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Cluster 1, 17 of 35 responses, to Copland excerpt
° 1 ‘ ‘ Cluster 1, 16 of 30 responses, to Sch1 excerpt Cluster 1, 17 of 35 responses, to aranjuez excerpt
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Cluster 2, 9 of 35 responses, to Copland excerpt
Figure 4: Clusters from euclidean distance between filtered ratings o : : :
S : % : . /i : gs of Figure 5: Clusters from correlation between filtered ratings of felt Figure 6: Clusters from the euclidean distance between filtered and
perceived emotional valence in the beginning of Copland’s Fanfare for onal ] ; Robert Sch : : : : . .
T (Charraors Wi, T oy (Tt 3 Ao (ot GllVstiers T () e (o emotional arousal to the first movement of Robert Schumanns string differenced ratings of perceived emotional valence to the first few
black, second is the center most response in each cluster plotted beside quartet in A major, presented in the same formate as figure 4. moments of the Adagio of Rodrigo s Concierto de Aranjuez, presented in
: : g : the same formate as figure 4.
T : :

the.vyhole collectzgns average response. hird is the rating char{ge Clustered using low pass filtered data, the most obvious

activity levels, which reports the proportion of each cluster changing : : ,

ratings over in the 4 second sliding time window, and last is the second difference between these clusters would have been somewhat Across the set of 32 collections, few showed dlsagreement ds

cluster of responses and the average rating. dampened, but looking at the activity levels of the two strongly as the perceived emotional valence ratings to this

- - clusters, there are many moments in which the first cluster excerpt of the Concierto de Aranjuez. The cluster activity

The c}ustermg in this examp1§ separates primarily differences reports moving up and down and up again in arousal while shows strong oppositional activity from around 50s to 80s, the

oforatmg range use. Vale.nce is a bipolar scale, often reported the second cluster continues a slower trend (ex: 150s, 290s), interval in which, for this recording, the oboe enters. The two

using  an 1nterfac§ Wthh marks the border between the Over the course of this longer excerpt, these two groups clusters are composed of nearly all the responses, but are split
positive and negative rating range. Here, near.ly half of the rarely disagree, however the first cluster appears to report so evenly that the average response across the collection barely
part.1c.1pants report perceiving this piece as being mostly of more variation more quickly than cluster two, suggesting that moves a smudge. In this case, the average is a very poor

POSIUYG valence, Whlle qnother quarter T?ROI’tS mostly the difference here 1s not a matter of interpretation as much as representation of these activty but contradictory reports of

n.eggltlve Vglence. Whﬂ? their f:ontoyrs and activity are pretty differences 1n sensitivity, either of feeling or reporting. The emotion perceived in the music. Previous attempts of using this

similar (with P05§1ble Interesting dlfferences around secqnds distinction between these clusters is relevant, particularly average for training and testing of models of emotional valence

63 .and 98) this dlffer.ence could be 1nterp?eted as.cat.egorlcal. when model responses from acoustical features which change using musical features have been thwarted by this miss-match

ThlS. supports the idea that valence 1 music 1s often at different rates. of high activity and mean stability.

ambiguous and context and listener dependent.
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« Differences in sensitivity can be exposed by clustering, and should be \ Y
explore more systematically in relation to traits of the individual p .
participant.
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