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Listening to preferred music (that which is chosen by the participant) has been shown to be effec-

tive in mitigating the effects of pain when compared to silence and a variety of distraction techni-

ques. The wide range of genre, tempo, and structure in music chosen by participants in studies

utilizing experimentally induced pain has led to the assertion that structure does not play a signifi-

cant role, rather listening to preferred music renders the music “functionally equivalent” as regards

its effect upon pain perception. This study addresses this assumption and performs detailed analysis

of a selection of music chosen from three pain studies. Music analysis showed significant correla-

tion between timbral and tonal aspects of music and measurements of pain tolerance and perceived

pain intensity. Mood classification was performed using a hierarchical Gaussian Mixture

Model, which indicated the majority of the chosen music expressed contentment. The results

suggest that in addition to personal preference, associations with music and the listening context,

emotion expressed by music, as defined by its acoustical content, is important to enhancing

emotional engagement with music and therefore enhances the level of pain reduction and tolerance.
VC 2011 Acoustical Society of America. [DOI: 10.1121/1.3621029]

PACS number(s): 43.75.Cd, 43.75.Xz, 43.75.Zz [DD] Pages: 1673–1682

I. INTRODUCTION

Responses evoked by listening to music in a variety of

contexts have been the focus of a growing body of research.

Examples include perception of waiting time (North et al.,
1999), behavior during everyday activities such as shopping

(North and Hargreaves, 2008), driving (Dibben and William-

son, 2007), and playing video games (Cassidy and MacDon-

ald, 2009). The acoustical content of the music is rarely

examined in these studies, rather description of the music

signal is typically constrained to measures such as tempo

(Cassidy and MacDonald, 2010; North and Hargreaves,

2008), complexity (Lamont and Webb, 2010), or arousal

potential (North and Hargreaves, 1999). Recent years have

seen a trend toward studies concentrating upon the effects of

listening to preferred music chosen by the participant in vari-

ety of everyday activities (see Miell et al., 2005; North and

Hargreaves, 2008). Music plays a significant role in every-

day activity, is primarily goal-directed (Sloboda and O’Neill

2001; North et al., 2004), and has been found to influence

behavior in a variety of contexts (Miell et al., 2005). In stud-

ies using preferred music, emphasis is placed upon the par-

ticipant’s relationship with the music rather than the content

of the music itself. These studies have illustrated that pre-

ferred music choice is diverse, in that it varies widely in

terms of artist, tempo, and genre. However, the acoustical

properties of the music in question are unknown and have

not been examined in detail. Thus the possible influence of

acoustical parameters upon the observed beneficial effects of

music listening has not been examined.

An important and growing area of this research is con-

cerned with the effect of music listening on pain relief. Stud-

ies on the analgesic effects of music have been carried out in

both clinical and laboratory settings. A systematic review of

these studies concludes that music listening, in the appropri-

ate context, can reduce pain intensity levels and reduce the

opioid requirements of participants with postoperative pain

(Cepeda et al., 2006). The effects of music on perception of

pain intensity in the studies included in the review are small,

and the authors conclude the specific use of music for pain

relief in clinical settings is not clear. However, the positive

effects of music listening upon a variety of physiological

and psychological effects of pain in a clinical context have

been demonstrated. For example reduction in blood pressure

(Updike, 1990), reduction of nausea and vomiting (Madson

and Silverman, 2010), reduction of pain-related distress

(Huang et al., 2010). Music listening may mitigate the nega-

tive affective experiences associated with pain in addition to

reducing the sensation of pain (Mitchell and MacDonald,

2006).

Much of the research into causal mechanisms in pain

relieving effects of music has developed from gate control

and pain neuromatrix theory (Melzack and Wall, 1965;
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Melzack, 1993, 1999). This theory suggests the flow of nerve

impulses from the peripheral nerve fibers to the central nerv-

ous system can be modulated by cognitive and emotional

processes, and this has generated a vast body of literature on

potential interventions to modulate attention, emotion or per-

ception of control over pain. Two main theoretical explana-

tions for music’s effect on pain have been proposed in

previous studies (Mitchell et al., 2006). The first is the abil-

ity to use music freely at any time while in pain—providing

a feeling of control and the ability to do something to coun-

teract the negative experience (Brown et al., 1989). The sec-

ond is distraction of attention from the pain (Fauerbach

et al., 2002), which suggests distracting outside tasks leave

limited mental resources for pain perception (Shiffrin,

1988). Later research has suggested that emotional engage-

ment with a stimulus creates the strongest distraction

(Robinson, 1998). This emotional connection may be moder-

ated by factors surrounding the music itself. Evidence of

pain reduction while listening to pleasantly valenced music

has highlighted that positive emotional induction may play

an underpinning role in music’s effect (Roy et al., 2008).

Emotional factors beyond the music itself are explored by an

increasing number of music psychology studies. These high-

light the emotional component of distraction, describing the

“associative” context of listening as personal memories and

meanings connected with the music (Miell et al., 2005).

These issues are explored by an increasing number of studies

into participants’ preferred music, as opposed to music

chosen for its supposed relaxing or calming effects. Music

chosen by participants in studies examining pain tolerance

resulted in reduced anxiety, increased relaxation (Davis and

Thaut, 1989), and positive effects on pain tolerance and per-

ception (Helmet and Hertel, 1993; Jacobson, 1999; Perlini

and Viita, 1996). Beneficial effects have been linked to

increased levels of involvement with music, which in turn

depends upon familiarity and past associations with the

music, and cultural context (MacDonald et al., 2003). The

efficacy of preferred music in this context has been sup-

ported by a number of lab-based studies using cold pressor

techniques, where the preferred music listening condition

resulted in the following.

(1) Increased pain tolerance and perceived control over pain

when compared to white noise and specifically chosen

“relaxing” music (Mitchell and MacDonald, 2006).

(2) Significant increases in pain tolerance in comparison to

an arithmetic distraction task, and significantly increased

perceived control in comparison to humor as an engag-

ing distraction (Mitchell et al., 2006).

(3) Significantly increased tolerance and perceived control

over pain, decreased anxiety compared with both visual

distraction and silence, and reduced pain intensity when

compared with silence (Mitchell et al., 2008a).

(4) Significantly greater tolerance of pain compared to

silence and focusing on pain, and significantly greater

perceived control than when focusing on pain (Mitchell,

2009).

These findings have been replicated in other contexts,

such as during kidney dialysis (Pothoulaki et al., 2008).

The content of the music used in these studies is rarely

emphasized. Researchers studying preferred music and pain

relief suggest that structural features alone cannot explain

emotional reactions in the listener (Mitchell et al., 2006).

Rather external factors play a key role in the emotional

meaning of music (MacDonald and Miell, 2000), and that

personal meaning and memories associated with the music

affect our emotional connection with it (Miell et al., 2005).

The increased therapeutic efficacy of preferred music when

compared to experimenter-selected anxiolytic music sug-

gests that beneficial effects are dependent upon personal

associations and emotional engagement with the music, and

that this effect is independent of musical features present in

supposed calming or relaxing music. Informal post hoc ex-

amination of the music chosen by participants in these

experiments seems to support this assertion, in that it varies

widely in terms of artist, tempo, and genre. It has been sug-

gested that listening to preferred music may make composi-

tions with widely varying structural features “functionally

equivalent” (Mitchell et al., 2008a). Specifically, it has been

suggested that participants select music with different struc-

tural features to achieve the same psychological ends,

namely, the reduction of pain and anxiety. The literature on

preferred music and pain relief supports the importance of

personal preference, associations with music and the listen-

ing context. However, the music used in these studies has

not been subject to detailed analysis, and there is therefore

no evidence to support the assertion that beneficial effects

are independent of the structure of the music. The focus of

the current paper is to examine the possible influence of

structure in music chosen for pain relief.

Given that the effectiveness of musical stimuli to dis-

tract from pain is related to emotional engagement with the

stimuli, it follows that the content of the music is important

in this regard. Music content has long been the focus of

research into music and emotion, with particular emphasis

on the effect of particular structural elements upon the

emotions of the listener. Listeners display a common

emotional response to a wide range of stimuli (Ekman and

Friesen, 1998), and there is marked agreement in the emo-

tion being expressed by music between different listeners

(Krumhansl, 2002). This suggests cultural differences may

not be so strong as to make emotional categorization culture-

specific. The most common goal for music listening is to

influence emotions (Sloboda and O’Neill, 2001; Juslin and

Laukka, 2004). Some research has focused upon strong emo-

tional responses to music, also known as “thrills” or “chills”

(Sloboda, 1991; Panksepp, 1995; Gabrielsson, 2001). Em-

phasis has also been placed upon specific music performance

parameters important to causing emotional reactions

(Scherer and Zentner, 2001; Gabrielsson and Lindström,

2001; Juslin, 2000; Schoonderwaldt et al., 2002; Chapin

et al., 2008). Others have examined the concept of musical

expectation (Meyer, 1956), the assumption that while listen-

ing to music an individual will form expectancies about its

continuation. Corresponding emotional reactions are evoked

in the listener if presuppositions are violated (Narmour,

1990; Huron, 2006). Despite the recent popularity of

research focused on this subject there remains significant
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debate about the nature of musical emotions. There is a clear

distinction between emotion experienced by the listener and

perception of emotion expressed by the music (Gabrielsson,

2002), but there is disagreement on whether or not music

actually evokes emotions in the listener (Konecni, 2008).

This conflict has led to the synthesis of a holistic, multi-

dimensional framework for studying the induction of emo-

tion by listening to music—the BRECVEM model—which

aims to examine the underlying psychological mechanisms

which affect listeners’ emotional response to music (Juslin

and Västfjäll, 2008). Three of the key mechanisms described

in the model are dependent to varying degrees upon the

structure of the music. These are brain stem reflex, where ba-

sic acoustical characteristics of music cause corresponding

activation of the central nervous system; emotional conta-

gion, which suggest the listener mimics the mood expressed

by a piece of music; and musical expectancy. The precise

mechanisms for induction of emotion by music are not yet

fully understood, and these mechanisms have been proposed

as a basis for future empirical research into induction of

emotion through music listening. However, the content and

structure of music plays a significant role in the communica-

tion of emotion by music.

The two-dimensional energy-stress model of Thayer

(1989) is a common method of both measuring the emotion

expressed by music, and explaining participants’ emotional

responses to music (see, for example, Ritossa and Rickard,

2004). This model is based upon Russell’s circumplex model

of affect (Russell, 1980) and is adapted for music emotion.

In Thayer’s model, the axes are energy (arousal) and stress

(valence), with four quadrants equating to music which is

content, depressed, exuberant, and anxious/frantic (see

Fig. 1). The horizontal axis represents valence (negative to

positive from left to right), and the vertical axis represents

intensity (low to high).

The labeling of the axes varies, and the adjectives

describing the four quadrants, or clusters, can differ but

retain a similar meaning. It is also possible to overlay spe-

cific mood adjectives relating to varying points in the four

quadrants (Picard, 1997; Juslin, 2000; Hevner, 1935). The

circumplex model has been used extensively in recent

research in the field of Music Information Retrieval (MIR)

which has focused upon automatic classification of the emo-

tion expressed by music (Li and Ogihara, 2003; Lu et al.,
2006; Yang et al., 2008; Knox et al., 2008; Eerola and

Vuoskoski, 2011). These methods are based upon detailed

analysis of digital music files and extraction of a range of

acoustical parameters which correlate with performance fea-

tures important to the expression of emotion in music (Juslin,

2001). Lu et al. (2006) use measures of signal intensity, tim-

bre, and rhythm as a basis for mood classification. These

include spectral intensity, spectral shape, rhythm, tempo,

and rhythm regularity. Yang et al. (2008) extract further fea-

tures, including those utilized by Tzanetakis and Cook

(2002), and those produced by the PsySound program

(Cabrera, 1999), which include measures of loudness, disso-

nance, and pitch. The circumplex model is often preferred to

individual adjectives in automatic mood classification due to

the relative ease with which signal analysis parameters may

be mapped to the two axes. For example, signal intensity fea-

tures can determine a song’s position in the energy/arousal

axis, and timbre and rhythm features determine placement

on the stress/valence axis (Lu et al., 2006). Two-dimensional

classification models have been criticized for their ambiguity

in classifying music in terms of only four mood quadrants,

and that emotion states may vary widely within each quad-

rant. This has led to the implementation of three-dimensional

valence, energy-arousal, and tension-arousal models, which

aim to more accurately predict individual emotions (Eerola

et al., 2009).

The technological developments in MIR allow for anal-

ysis of the content of digital music files in unprecedented

detail, producing a wealth of acoustical signal parameters.

These features may also form the basis for subsequent statis-

tical analysis and classification in terms of the emotion

music expresses. A key research question posed in this paper

is whether there is a relationship between the structural con-

tent of preferred music chosen for pain relief and its positive

effect in these experiments. There is no a priori hypotheses

about the likely effects of specific acoustic properties of the

music, or the age and gender of the participants. Rather the

aim of the research presented here is to examine whether the

structure of music, and the emotion expressed by it, are fac-

tors influencing the beneficial effects of music chosen for

pain relieving purposes.

II. METHODS

Music chosen by participants in three experiments

which studied the effects of preferred music on pain was

subject to post hoc analysis (Mitchell et al., 2008a; Mitchell

et al., 2008b; Mitchell, 2009). In each experiment a commer-

cially available cold pressor was used (Fig. 2), which

requires the participant to place their hand in cold, circulat-

ing water. This technique allows for a precise and controlla-

ble temperature to be applied and ensures replicable results

(Mitchell et al., 2004). A repeated measures design was
FIG. 1. Circumplex stress/energy model showing the four mood clusters;

contentment, depression, exuberance and anxiety.
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used, with each participant undergoing three cold pressor tri-

als. Stimuli were presented in counterbalanced order, and

test conditions in the experiments were as follows.

(1) Preferred music, silence, and visual distraction (Mitchell

et al., 2008a). Visual distraction took the form of a paint-

ing chosen by the participant from a choice of 15 popular

artworks. This study involved 80 participants.

(2) Preferred music listening and mental arithmetic distrac-

tions compared to silence. This study involved 72 partic-

ipants (Mitchell et al., 2008b).

(3) Silence, focusing on pain (where participants paid atten-

tion to the painful sensation and how it changed over

time), and listening to chosen music. 55 participants

(Mitchell, 2009).

In each case stimuli were delivered via headphones and

set by participants at a “comfortable” level. Participants

knew the nature of the experiment before participating, and

were asked simply to bring some music. Reasons given by

participants for their choice of music in a similar, earlier

study indicate that “favorite” music was chosen in 87% of

cases (Mitchell and MacDonald, 2006). Dependent variables

were the same in each experiment: tolerance time (the

amount of time, in seconds, the participant kept their hand in

the water); pain intensity (as measured via visual analog

scale and pain rating index (Melzack, 1975); perceived con-

trol rating on a visual analog rating scale (Perlini and Viita,

1996); and anxiety measured via the State-Trait Anxiety

Inventory (Spielberger, 1983).

There are two key aims in analysis of the music from

these experiments. First to examine the structure of the pre-

ferred music in comparison to pain measurements taken in

the experiments, with the aim of establishing whether any

structural feature may have influenced its efficacy in mitigat-

ing the effects of pain. This analysis includes content-based

mood classification of the preferred music in order to exam-

ine whether there is any commonality in the emotion

expressed by music chosen by the participants. Second, a

comparison is made between the preferred music from the

experiments and a corpus of a broad range of music, with the

aim of establishing whether there are any overarching struc-

tural differences between music shown to have beneficial

effects in the experiments. This corpus consists of 160 clips

of music representing a selection of genres matching the

music chosen by the participants in the pain experiments

(classical, alternative, pop, jazz, and rock).

Data was gathered for a selection of participants from

the above experiments, including pain measurement data

and the music which the participants chose. The selection of

data for analysis is based on the measurements taken during

the pain experiments. In addition to the gender and age of

participants, these measurements are the following.

(1) Tolerance time (TOLdiff). Tolerance time is the time

from immersion of the hand to the point when par-

ticipants can no longer tolerate the stimulus and with-

draw the hand. Measured in seconds by stopwatch. The

TOLdiff parameter is produced by calculating the differ-

ence in tolerance time between the silence and preferred

music conditions.

(2) Pain intensity rating on a 100-mm visual analog scale

(VASdiff), on which participants are asked to make a

mark between no discomfort and worst possible discom-

fort. The VASdiff parameter is produced by calculating

the difference in rated discomfort levels between the

silence and preferred music conditions.

(3) A 100-mm perceived control visual analog rating scale

(PCdiff), on which participants mark the extent to which

they felt they could successfully manage or alter the pain

experience between “not at all” and “completely.” The

PCdiff parameter is produced by calculating the differ-

ence in perceived control between the silence and pre-

ferred music conditions.

(4) A short form of the Spielberger State Anxiety Question-

naire with a rating given between 1 (strongly agree) and

7 (strongly disagree) for items “I felt calm,” “I felt relax-

ed,” “I felt tense,” “I felt comfortable,” and “I felt anx-

ious.” The ANXdiff measure is produced by calculating

the difference in rated anxiety levels between the silence

and preferred music conditions.

These studies have demonstrated the efficacy of pre-

ferred music in mitigating the effects of pain, and particu-

larly its effect on increasing pain tolerance. The music

which was shown to be most effective in the experiments is

chosen for analysis, and selection is based on two criteria.

First, the tolerance increase from the control condition to

preferred music listening condition has to be positive for the

music to be selected. Pain tolerance time is a key objective

measure from the pain experiments, the other measures

being self-rated, and it is felt this measure must be increased

by listening to the preferred music for it to be seen as effec-

tive. The second selection criteria is the overall score for all

four pain measurements. This is calculated by combining the

four measurements into one measure for “total therapeutic

FIG. 2. Cold Pressor used in the pain experiments.
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value” (TTV). Selected tracks had to have a TTV score in

the top half of the normally distributed scores for all tracks

from the pain experiments, and also a positive tolerance dif-

ference. Therefore, the criteria for selection were the greatest

increase in tolerance time compared to control, and the high-

est TTV. In total, data for 72 participants is selected, and

130 participants are excluded. The means and standard devi-

ations for all four pain measures and TTV for the selected

and non-selected participants under the preferred music lis-

tening condition are shown in Table I. This selection process

distinguishes between music that was simply preferred by

the participants, and music which is preferred but has also

been shown to have the most therapeutic effect.

Preferred music choices are truncated to 30 s clips for

subsequent analysis. Although it has been established that

listeners can be affected by listening to very short music

clips (Bigand et al., 2005), this duration is in line with previ-

ous music analysis implementations which use short clips of

between 10 and 30 s length in order to reduce the analysis

and calculation burden, or to ensure homogeneity of mood

across the duration of the clip (Li and Ogihara, 2003; Jiang

et al., 2002; Lu et al., 2006). In this instance, the clip

duration is chosen to reflect the music which participants

actually heard while their hand was in the water. The audio

feature extraction stage is carried out using two separate

analysis feature sets. First a set of intensity, timbre, and

rhythm features shown to be effective in the automatic mood

classification of music (Lu et al., 2006), and important to

emotion expressed by music (Gabrielsson and Lindström,

2001). Second, use is made of the MIR toolbox of Lartillot

et al. (2008b). The extended set of features produced by this

toolbox relate to musical dimensions such dynamics, rhythm,

timbre, pitch, tonality, mode, and high level statistical and

structure parameters noted as being of potential importance

to improved music mood detection (Lu et al., 2006). Several

measurements of signal timbre are calculated from fre-

quency spectra. These include spectral centroid (a measure

of the shape of the spectrum) and roll-off (the frequency

below which 85% of the spectral energy is concentrated and

thus a measure of brightness), Mel-Frequency Cepstral Coef-

ficients (MFCC, a compact representation of the spectral en-

velope based on an approximation of human hearing

frequency response) and spectral flux (fluctuation in the

spectrum over time). For a detailed description of these pa-

rameters see Tzanetakis and Cook (2002). Sensory disso-

nance (perceived roughness) is assessed by the degree of

spectral beating effects (Terhardt, 1974), and tonality is

assessed by examining pitch class profiles (Gomez and Her-

rera, 2004). A range of rhythm information is provided

through decomposition of the spectrogram through a bank of

auditory filters, and subsequent spectrum estimation of each

band (Pampalk et al., 2002). In addition to being associated

with music performance parameters, these primarily acousti-

cal features are linked to low-level, primitive neural process-

ing (Levitin, 2006).

The first stage of analysis involves comparison of audio

signal analysis features with pain measurement parameters.

For this first comparison, a subset of the rhythm, timbre, and

dynamics features is chosen based upon their theoretical

relevance to the perception of music, and their successful

use in previous studies of music and emotion. These features

form the basis for statistical analysis to establish whether

there are any significant relationships between the parameter

set and the pain measures from the experiments. The initial

parameter set consists of the following.

(1) Tempo, rhythm strength, rhythm regularity, and average

onset frequency, based on the observation that these pa-

rameters are important to expression of musical emotion

(Gabrielsson and Lindström, 2001; Lu et al., 2006;

Juslin, 2000). Rhythm regularity refers to the strength of

peaks in the autocorrelation function, more precisely the

average strength of the peaks and the ratio between the

average peak strength and trough strength. If the rhythm

is regular and unchanging this ratio is higher. Average

onset frequency relates to the perceived rate of the rhyth-

mic element of the music. This is distinct from tempo,

which simply measures the main beat pulse. Average

onset frequency is calculated as the ratio between the

number of onsets and the corresponding time duration

(Lu et al., 2006). The larger this value it is, the faster the

performance feels for a given tempo.

(2) Measures of timbre include rolloff, brightness, and

roughness. Timbral features such as these are correlated

with articulation, and thus important to emotion expres-

sion (Lu et al., 2006). Brightness is a measure of high

frequency energy, and measures the percentage of

energy above a given point in frequency, in this case 1.5

kHz (Juslin, 2000). Roughness is a measure of sensory

dissonance computed by examining peaks in the spec-

trum, and taking the average of the dissonance between

all possible pairs of peaks (see Sethares, 1998).

(3) Dynamics features RMS energy and low energy. These

features have been shown to be consistent with acoustic

cues in emotional expression, and important in distin-

guishing between mood clusters in the circumplex model

(Juslin, 2000; Lu et al., 2006). RMS energy is the aver-

age intensity over the duration of the music clip, taken as

the root average of the square of the amplitude. Low

energy is a measure of how consistent the energy is

across the clip duration. If this value is high large parts

of the music are of low-intensity, and higher intensity

parts are more widely distributed. If it is lower, the sig-

nal intensity is more consistent around the average inten-

sity (Lartillot et al., 2008a).

The second analysis stage utilizes a verbose set of analy-

sis parameters produced by the MIRfeatures function of the

MIR Toolbox (Lartillot et al., 2008b). A statistical mapping

TABLE I. Pain measurement means and standard deviations for selected

and non-selected music.

N TOLdiff VASdiff ANXdiff PCdiff TTV

Selected 72 87.4 20.9 3.4 23.7 135.7

SD¼ 81.4 SD¼ 22.3 SD¼ 5.1 SD¼ 22.5 SD¼ 106.7

Not selected 130 9.4 4.4 1.5 4.8 20.1

SD¼ 53.1 SD¼ 18 SD¼ 5.4 SD¼ 21.8 SD¼ 79.4
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is performed between the extracted features and the pain

measurements from the experiments using stepwise linear

regression. Lilliefors test is used to detect non-normality in

the feature set (at a significance level of 5%), and any non-

normal data transformed by the Box-Cox power transforma-

tion, thus ensuring feature set distributions are sufficiently

normal (Box and Cox, 1964). Features still not considered to

be normalized after this process (at a significance level of

1%) are discarded from further analysis. These processes are

encapsulated in the MIRmap function of the MIR toolbox

(Lartillot et al., 2008a). The results of this mapping indicates

which signal analysis features are correlated with pain meas-

urements taken during the experiments.

The third stage of analysis is content-based mood classi-

fication of the music chosen by the participants. This stage

of analysis utilizes a hierarchical categorical mood classifi-

cation algorithm shown to be successful in automatic mood

classification (Lu et al., 2006). The mood classification pro-

cess is driven by analysis of structural elements of the music.

Thus the process takes into account the structural elements

in music chosen for pain relief, and their contribution to the

mood expressed by the music. The process utilizes a Gaus-

sian Mixture Model (GMM), where the content of the pre-

ferred music is compared statistically to a “ground truth” of

music annotated for mood by an expert panel in subjective

listening tests using the circumplex model shown in Fig. 1.

This is a corpus of 160 music clips gathered by the authors,

and selected from a range of genres and recording eras

matching those chosen by the participants in the pain experi-

ments. The panel consists of four musicians with extended

experience of music analysis. In line with similar studies of

mood classification, clips were only selected for the corpus

if all members of the panel agreed on the mood of the clip,

and there was no ambiguity in the perceived mood (Lu et al.,
2006). The basis for classification is a series of timbre,

rhythm, and intensity parameters.

In the original implementation (Lu et al., 2006) intensity

features were noted to be important to distinguishing

between mood clusters on the vertical axis of Thayer’s cir-

cumplex model (i.e., between exuberant/anxious-frantic and

content/depressed). Timbre features are considered to be im-

portant to discriminating different moods. For instance

greater spectral energy is present in high frequency spectral

subbands for exuberant music than for depressed music.

Spectral flux is taken as an indicator of articulation—noted

to be an important factor in emotional expression (Juslin,

2000). Octave-based spectral contrast is a measure of the dis-

tribution of peaks and troughs in the spectrum and reflects

the harmonic/inharmonic distribution of spectral compo-

nents. Rhythm strength, regularity, and tempo are chosen for

their influence in expression of mood. For example music in

the exuberant mood cluster tends toward fast, strong, and

regular rhythms, whereas depressed music is slower and may

have less distinct rhythm patterns (Liu et al., 2003). These

features are then standardized (z-scores), and then the Kar-

hunen-Loeve transform is applied for each feature set inde-

pendently in order to remove correlation among the features

(see Watanabe, 1965). These processes result in the means

and standard deviations of the extracted features being used

as a basis for subsequent classification stages. The hierarchi-

cal classification model uses intensity features to determine

the analyzed music’s position on the energy/arousal axis.

Timbre and rhythm features are used to determine position

on the stress/valence axis. See Fig. 3 where group 1 refers to

low activity/intensity (content/depressed) and group 2 refers

to high activity/intensity (exuberant/anxious-frantic).

The GMM uses intensity, timbre, and rhythm parame-

ters extracted from the 160 music clip corpus music as a ba-

sis for mood classification, with 40 clips representing each

circumplex mood cluster. The first stage of classification is

based on intensity features. This stage decides whether the

analyzed music falls in the upper half of the circumplex

model (anxious/frantic and exuberant) or lower half (content

or depressed). The second stage uses timbre and rhythm fea-

tures, to decide if low intensity music falls into the content

or depressed clusters, and high intensity music into exuber-

ant or anxious frantic clusters. Noting the varying impor-

tance of the role played by different performance cues in

expressing different emotions (Juslin, 2000), the relative

influence of the rhythm and timbre features is altered during

this classification stage. The k operators in Fig. 3 are weight-

ing factors set to reflect the relative importance of rhythm

and timbre features in distinguishing between different

mood clusters. For example, music which has a slower

tempo with less prominent rhythm might be classified as fall-

ing into either of the content or depressed clusters. Content

music tends toward higher brightness and is more harmonic

than depressed music. Therefore, timbre features are impor-

tant in distinguishing these two mood clusters.

III. RESULTS

There is significant negative correlation between partici-

pant age and ANXdiff, indicating older participants experi-

enced less anxiety reduction. Age is significantly negatively

correlated with RMS intensity, rolloff, and average onset

FIG. 3. Hierarchical Gaussian Mixture

Model (from Lu et al., 2006).
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frequency (see Table II). These results indicate older partici-

pants chose music which is of lower intensity, contains less

high frequency energy, and with less rapid or complex

rhythm patterns. The mean age for those selected for this

study is 28.2 [standard deviation (SD)¼ 11.2], and 27.2

(SD¼ 10.2] for those not selected.

Results for regressions using the verbose MIRfeatures
parameter set indicate timbre features (spectral and tonal)

are significantly correlated with pain measures from the

experiments. This suggests that, within this data set, timbral

features of the preferred music are most important to percep-

tion of pain intensity and the degree of pain tolerance. One

parameter is strongly correlated negatively with pain toler-

ance time. This is chromagram peak position standard devia-

tion (r¼�0.3306, p< 0.01), which represents the variation

in position of the most prominent peak in an unwrapped

chromagram across the duration of the clip. The chromagram

represents the distribution of the spectral energy with respect

to the 12 possible pitch classes (see Gomez and Herrera,

2004). This result indicates that pain tolerance is greater for

music which has less tonal (pitch) variation across the dura-

tion of the clip being analyzed. Features representing the dis-

tribution of energy in the spectrum and the rate of

fluctuations in the spectrum over time are significantly corre-

lated with pain tolerance and intensity. These are MFCC and

d MFCC parameters (see Lartillot et al., 2008b), which are

representative of changes in music timbre and articulation.

The mean spectral energy in the 12th MFCC band is signifi-

cantly positively correlated with pain tolerance (r¼ 0.301,

p¼ 0.01). There is also significant positive and negative cor-

relation between MFCC bands and perception of pain inten-

sity. The standard deviation of energy levels in the 1st

MFCC band are significantly negatively correlated with pain

intensity (r¼�0.2765, p< 0.05), as is mean energy in the

7th MFCC band (r¼�0.2866, p< 0.05). The feature most

significantly correlated with pain intensity is Harmonic

Change Detection Function (HCDF) periodicity entropy

(r¼ 0.3126, p< 0.01). HCDF is the flux of the tonal cent-

roid, and is therefore a measure of the change in harmonic

content over time (see Harte and Sandler, 2006). This value

is small when there are less prominent changes of harmonic

content in the analyzed music; therefore, this result suggests

pain intensity levels are lower for music in which there may

be less prominent chord changes, bass lines, or strong

melodies.

The mood classification results show that preferred

music chosen by participants falls predominantly in the

“content” mood cluster (37.5% of the clips analyzed). This

indicates a tendency toward low arousal, and positive va-

lence (see Table III). Chi square shows significant difference

between mood clusters [chi(3)¼ 8.11, p< 0.05].

These results indicate that the music chosen by partici-

pants is of lower intensity and slower tempo, meaning classi-

fication tends toward the content/depressed end of the

arousal/activity axis. The chosen music is also brighter, plac-

ing it toward the content/exuberant area of the circumplex

model. Statistical comparison of the preferred music with

the 160 clip corpus using one-way analysis of variance

shows the preferred music is significantly brighter than the

160 clip corpus, as indicated by measures of spectral bright-

ness [F(231)¼ 3.955, p< 0.05] and mean spectral entropy

[F(231)¼ 4.205, p< 0.05]. The mean value for modality, as

measured by the MIR toolbox MIRmode function is signifi-

cantly higher for preferred music [F(231)¼ 5.703,

p¼ 0.018]. Higher values for this parameter indicate that the

analyzed clip tends toward major mode. Thus, the preferred

music is significantly more major than the 160 clip corpus.

IV. DISCUSSION

Informal examination of music chosen by participants in

studies of preferred music and pain have suggested thus far

that there are no structural similarities, and that listening to

preferred music may make compositions with widely vary-

ing structural features “functionally equivalent” (Mitchell

et al., 2008a). The results presented in this paper represent

some evidence that structural features of music chosen by

participants play a role. Thus, structure should perhaps be

considered alongside personal preference, associations with

music, and the listening context in studies of music prefer-

ence, in general, and specifically music chosen for pain

relief.

Results show older participants chose music which is of

lower intensity, contains less high frequency energy, and

with less rapid or complex rhythm patterns. These results are

consistent with previous research into age and music prefer-

ence. For example, older participants have been shown to

prefer decreased intensity levels (Smith, 1989), and younger

listeners prefer faster tempi (LeBlanc et al., 1988; Drake

et al., 2000).

Regression results show significant correlation between

timbral and tonal analysis parameters and measures of pain

tolerance and perceived intensity. No intensity or rhythm

features produced by the MIRfeatures algorithm were signifi-

cantly correlated. These results indicate spectra and timbral

TABLE II. Factors correlating significantly with participant age.

ANXdiff

RMS

Intensity Rolloff

Average onset

frequency

Age Pearson Correlation �0.254 �0.251 �0.254 �0.302

Sig. (2-tailed) 0.031 0.034 0.031 0.01

TABLE III. Mood classification of music chosen during the pain

experiments.

Number of clips % of clips

Mood cluster

Content 27 37.5

Depressed 17 23.6

Exuberant 18 25

Anxious/Frantic 10 13.9

Arousal/Valence

Low arousal 44 61.1

High arousal 28 38.9

Positive valence 44 62.5

Negative valence 28 37.5
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aspects of the chosen music were most important in affecting

these pain measures—specifically tonal variation, promi-

nence of melody or chord changes, and variations in timbre

and articulation.

Statistical analysis using analysis of variance found no

significant main effect for signal analysis parameters and

measures from the pain studies. The data chosen for analysis

was selected to represent the most effective selection of

music as regards mitigating the effects of pain, based upon

the measures taken during the experiments. One might not

therefore expect stark contrasts between analysis parameters

within this data set as regards their effect upon the pain

measures. Therefore, future analysis of preferred music in

this context might include preferred music choices that were

minimally effective as regards mitigating the effects of pain.

From previous discussion, distraction from pain is a key

mechanism underpinning the efficacy of music listening, and

emotional engagement with the stimulus is important in this

regard (MacDonald et al., 2003). Although the precise

mechanisms for induction of emotion by music are not yet

fully understood, the structure of music and the emotion it

expresses cannot be ignored, as it is central to several mecha-

nisms considered important to the future study of induction

of emotion through music listening (Juslin and Västfjäll,

2008). Low level acoustical parameters and the emotion

expressed by music relate to brain stem response and emotion

induction mechanisms, respectively. The mood classification

results show a significant difference in the emotion expressed

by the preferred music chosen by the participants in the pain

experiments with the majority expressing contentment. The

mood classifications are based on analysis of music structure,

and trends in the classification results are therefore indicative

of general patterns in the acoustical content of the music.

These trends are underlined in the analysis of variance

results, which indicate the chosen music is brighter and more

major in modality. Timbral measures, representative of artic-

ulation and the expression of musical emotion, are important

to the placement of music on the valence axis of the circum-

plex model during mood classification. Regression results

also show timbral and tonal parameters to have a significant

effect upon measures of pain tolerance and perceived inten-

sity. This suggests there is some effect for both low-level

acoustical parameters and higher level music structure.

These results represent some evidence toward expressed

emotion playing a role in the participants’ choice of music

for the pain experiments. This supports previous research

into positive emotional induction and the effect of music lis-

tening (Roy et al., 2008), suggesting that the emotion

expressed by a piece of music may be a factor affecting pain

in two potential ways: the participant’s emotional engage-

ment with music evoking positive pleasant emotions that

modify how pain is experienced, and through enhanced effi-

cacy in distracting attention from pain.

There are several limitations to the study presented in

this paper, due in the main to the limited availability of data

for analysis. The results are based upon analysis of a rela-

tively small sample size. The criteria for selection (positive

tolerance time when compared to the control condition, and

high overall therapeutic effect) resulted in analysis of 72

tracks from the identified pain experiments. The corpus of

160 tracks is also relatively small, although vetted by an

expert panel and sufficient for the mood classification carried

out in this study. Further comparison of music analysis data

and pain parameters may be expanded by inclusion of data

for minimally effective music choices. The music analysis

excludes lyrical content, a factor which can improve emotion

classification ratings (Chi et al., 2009). Authors of previous

studies have noted that experimentally induced pain cannot

fully replicate complex emotional responses resulting from

clinical pain (Mitchell et al., 2006), and that studies into pre-

ferred music might ideally be based in this context.

V. CONCLUSIONS

This study examines music chosen by participants in

previous laboratory experiments involving experimentally

induced pain. The literature on preferred music and pain

relief supports the importance of personal preference, associ-

ations with music, and the listening context. Results suggest

that music content and structure may also play a role in the

music choices made by participants and the efficacy of music

listening for pain relief. Music chosen by participants pre-

dominantly expresses contentment, is generally brighter than

other music, and more major in modality. Acoustical fea-

tures are key to determining the emotion expressed by

music, and timbral and tonal features are shown to be signifi-

cantly correlated with measurements of pain tolerance and

perceived pain intensity. It is suggested that the acoustical

content and emotion expressed by a piece of music contrib-

ute toward the participant’s emotional engagement with

music and enhances distraction from pain.
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