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Musical preference is highly individualized and is an areaf active study to develop
methods for its quanti cation. Recently, preference-based behavior, associated with
activity in brain reward circuitry, has been shown to follovlawful, quanti able patterns,
despite broad variation across individuals. These pattes) observed using a keypress
paradigm with visual stimuli, form the basis for relative pference theory (RPT). Here,
we sought to determine if such patterns extend to non-visuadomains (i.e., audition)
and dynamic stimuli, potentially providing a method to suplement psychometric,
physiological, and neuroimaging approaches to preferencguanti cation. For this study,
we adapted our keypress paradigm to two sets of stimuli congting of seventeenth to
twenty- rst century western art music (Classical) and twetieth to twenty- rst century
jazz and popular music (Popular). We studied a pilot samplena then a separate
primary experimental sample with this paradigm, and used étative mathematical
modeling to determine if RPT relationships were observed i high R? ts. We further
assessed the extent of heterogeneity in the rank ordering dfeypress-based responses
across subjects. As expected, individual rank orderings ofreferences were quite
heterogeneous, yet we observed mathematical patterns ttig these data similar to those
observed previously with visual stimuli. These patterns music preference were recurrent
across two cohorts and two stimulus sets, and scaled betweerindividual and group data,
adhering to the requirements for lawfulness. Our ndings sggest a general neuroscience
framework that predicts human approach/avoidance behavip while also allowing for
individual differences and the broad diversity of human choes; the resulting framework
may offer novel approaches to advancing music neurosciencgeor its applications to
medicine and recommendation systems.
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INTRODUCTION time they are exposed to predetermined categories of stimuli.
The keypress task is a variant of techniques used to study e ort-
Preference can be de ned as the variable extent an indiVidugased decision-making/\(alton et al., 2002, 2003, 200& he
will approach or avoid events and objects in the world baseghsk allows computation of metrics that quantify the magditu
on their rewarding or aversive featuresefvin et al., 1935; and the predictability of participants' keypress-based prefeze
Schneirla, 1959; Warren, 1963Research on preference haspehavior. These metrics include the mean number of keypsesse
emphasized the subjective nature of preferendésble and subjects make to either approackY) or avoid (K ) stimuli
Glimcher, 2007; Lau and Glimcher, 200t music, individual  within each category. Other metrics include the variance to
preferences are thought to be quite heterogeneous, leadiRgproach (€) or avoid () stimuli, along with the Shannon
to use of individualized stimuli for neuroimaging and the entropy (i.e., information; se&hannon and Weaver, 1946f
concordant challenge of generalizing preference towardienusthe distribution of keypress counts to approadd<) or avoid
across individuals (e.gBlood and Zatorre, 2001; Osuch et al.,(H ) stimuli within each category. The Shannon entropy is a
2009; Pereira et al., 2011; Trost et al., 2012; Salimpoor,et gore variable in information theory that characterizes tregjree
2013. Despite individual variation in preference, there appeargf uncertainty across a set of responsgsgnnon and Weaver,
to be common circuitry for emotional processing of music (.9 1949. Collectively, these variables capture the decision-making
Blood and Zatorre, 2001; Osuch et al., 2009; Pereira eldl1;2 apout the valence of behavior (approach or avoidance) as well as
Trostetal., 2012; Salimpoor et al., 2} stiggesting there may be judgments regarding its magnitude (intensity of keypregyito
biologically-based functions describing a general mussponse, describe relative preferencésif et al., 2010 We refer to this
which act like a sca old upon which individual variation ocaur  methodology and the lawful relationships it uncoverselstive
Recently, preference-based behavioral variables measheing preference theo(RPT).
intensity and patterns of keypressing to approach or avoid Visua RPT is characterized in part by relationships between these
stimuli were shown to exhibit lawful relationships in humansthree sets of behavioral variablé§ {H, }. These relationships
(Breiter and Kim, 2008; Kim et al., 2010; Lee et al., 201faclude: (1) A value function plotting the Shannon entropy
Viswanathan etal., 20).7These behavioral variables were further(HC, H ), against the mean number of keypressi§ (K )
associated with activation in brain reward circuitry by nedd for approach or avoidance toward a suite of objects. This
based functional MRI Rerlis et al., 2008; Gasic et al., 2009unction is referred to as a value function given it calilest
Viswanathan et al., 20).5Lawfulness is a physics-based term*wanting” against the pattern of previous judgments, and is
describing patterns in data that are mathematically “disgte consistent with the prospect theory value function discussed
“recurrent,” “robust,” and “scalableHeynman, 1965; Mitra and below. (2) A variance-mean relationship is observed betwee
Bokil, 2008; Kim et al., 20)0"Discreteness” refers to patterns the mean number of keypress respons&§ (K ) plotted
having speci c mathematical descriptions, while “recurréhc against the standard deviation of keypress responsés ( ).
indicates a pattern repeats consistently across di erent@lfim This relationship is characterized by increasing varianpe
and experiments. “Robustness” indicates that pattern caneot io a peak followed by decreasing variance back to baseline.
generated from nor easily perturbed by noise, and “scatgbili This function describes limits to preference or its “satisat”
indicates that a pattern occurs at di erent levels of orgati@a  (3) A trade-o function between the approach entropy®)
such as from an individual pattern to a group level patternand avoidance entropyH ) was also identi ed, de ning how
(Sutton and Breiter, 1994; Breiter et al., 2006; Braeuti@®).  pundles of approach decisions were balanced with bundles of
Identifying lawful patterns in behavioral data helps de neeth avoidance decisions as a quanti able trade-o between apgiioa
speci cations that biology must fulll (i.e., like the specé @ and avoidance. These relationships have been schematized
car built in a factory). Such speci cations facilitate meagful  in Figures 1A-C Together, RPT provides a framework for
interpretation of biological measures underlying behavi@g., calibrating the relative value of stimuli, with two types ofirol

brain function). functions around value—namely, a limit to value, and a tade
Lawful equations characterizing preference with a keypregsetween positive and negative value.
task were initially identi ed using visual stimuliBfeiter and RPT relationships with K, H, } have been connected

Kim, 2008; Kim et al., 2010; Lee et al., 20TBhe keypress to traditional reward and aversion circuitry, genetic
task was developed out of a operant framework where eagfolymorphisms, and neuroeconomic measures. The mean
keypress action had an incremental consequence on stimulk®ypress response&k¢, K ) has been associated with brain
view time (@Aharon et al., 2001; Lee et al., 2)1&nd has been morphometry for paralimbic reward/aversion structures sash
well-validated across multiple studieSiaron et al., 2001; EIman the insula that have strong connections with subcorticalaed

et al., 2005; Strauss et al., 2005; Levy et al., 2008; Malalis e regions, and describe a signi cant abnormality betweendtire
2008; Perlis et al., 2008; Gasic et al., 2009; Yamamoto, et ahd behavior in addictionNlakris et al., 2008 It has further
2009; Kim et al., 2010; Lee et al., 2015; Viswanathan et d@een associated with activity in brain regions such as tr@eus
2015, 201y It follows an intrinsic motivation framework devoid accumbens (NAc), amygdala, insula, and other reward region
of external rewards, such as food or monéye€i and Ryan, including when this activity in reward circuitry was assateid
1985; Bandura, 19%7and quanti es reward/aversion by how with genetic polymorphisms related @REBland BDNF (Perlis
much subjects approach or avoid stimuli—namely, to what extendt al., 2008; Gasic et al., 200%he slopes of theK, H) value
subjects actively keypress to increase or decrease the amiounfunction have also been directly connected to NAc activity
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Relative Preference Theory (RPT) Schematic

A RPT Value Function
Mean Keypress (K) vs. Entropy (H)
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FIGURE 1 | Schematic of relative preference curves describing keypress responses to visual stimuli, and hypothesized to oc cur for music stimuli. (A)

A value function plotting the Shannon entropyHC, H ) of the subject's keypress response patterns against the man number of keypresses K€, K ) to approach or
avoidance the stimuli, computed separately for each musicategory. This function calibrates “wanting” against the piern of previous judgments, and has a close
resemblance to the value function in prospect theory(B) A variance-mean relationship between the mean number of kgyesses G(C, K ) plotted against the
standard deviation of the keypress response patterns (C ) for each category. This parabolic function describes lifts to preference or its “saturation” by the
intercepts on the x-axis. They further describe peaks in vability for approach (i) and for avoidance decisions (ifgspectively. These peaks represent a type of
threshold beyond which an individual makes more approach athavoidance decisions as described under Markowitz's decin utility (dUD K b , whereb is a
constant). (C) A trade off function between the approach entropy}flc) and avoidance entropy il ). This function re ects a quanti able trade-off between appoach
and avoidance decisions (i) and (ii), and also graphs the exit to which an individual has low approach and low avoidancsimultaneously, resembling indifference (iii)
or high approach and high avoidance simultaneously, reseming con ict (iv).

(Viswanathan et al., 20),;consistent with other neuroeconomic RPT @reiter et al., 2001; Glimcher and Rustichini, 2)0Phe
studies linking the NAc and amygdala to prospect theory-basedariance-mean relationshig<( ) is reminiscent of Markowitz's
metrics (Tom et al., 2007; De Martino et al., 2010; Canessa et agjuanti cation of decision utility (Viarkowitz, 1952; Kim et al.,
2013. The RPT value function closely resembles that observetD1(q Figure 1B). Other neuroeconomic studies have directly
in prospect theory i(ahneman and Tversky, 19;7Bigure 1A), connected Markowitz's decision utility to brain activatiosf
showing a convex avoidance curve, a concave approach curveward systems in human®(@Acremont et al., 2009; Mohr et al.,
and a steeper slope for the avoidance curve than the approa2ld10; Wunderlich et al., 20).1

curve, consistent with the concept of “loss aversidwgfsky and The neuroimaging and neuroeconomics ndings with
Kahneman, 1992 but adapted to a non-monetary framework RPT directly overlap ndings in music neuroscience using
(Lee et al., 20)5Prospect theory has also been associated withsychometric, physiological, and neuroimaging methods.
parametric activation in the same reward regions in humans aBor example, fundamental work established the relationship
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between music-induced emotion and reward processingrom the greater Chicago region through online and communit
speci cally in the NAc and connected reward regions (e.g.placed advertisements and research registries maintained by
Blood and Zatorre, 2001; Osuch et al., 2009; Pereira etddll;2 the Department of Psychiatry and Behavioral Sciences at
Trost et al.,, 2012; Salimpoor et al., 2D1€urrent research Northwestern University Feinberg School of Medicine and the
continues to investigate the neural underpinnings of musicaNorthwestern University Clinical and Translational Scieac
reward through examinations of stimulus characteristicdnstitute. Subject recruitment stopped after a set temporal
(for reviews, seekoelsch et al., 2006; Levitin and Tirovolas,window for recruitment, where target recruitment sought-40
2009; Koelsch, 2010; Zatorre and Salimpoor, »0&%posure subjects who completed both the Classical and Popular music
(Schellenberg et al., 2008; Margulis et al., 2009; North arkeypress task, and whose data were complete. This resulted in
Hargreaves, 2010; Ladinig and Schellenberg,)2@hd personal 62 subjects participating in the study. Of the 62 participants,
attributes such as personality trait&kdéntfrow and Gosling, 49 completed both the Classical and Popular music keypress
2003; Chamorro-Premuzic and Furnham, 2007; Rentfrow et altasks and produced complete data les, meeting criteria to be
2011; Mas-Herrero et al., 2013; Martinez-Molina et al., Y016included as subjects for analysis of the primary experimefit. O
media consumption Chamorro-Premuzic and Furnham, 2007; the 62 participants, 57 completed a questionnaire on musical
Lamont and Webb, 2010; Mas-Herrero et al., 2013; Hollebeegxperience. Fifteen reported no musical training. Of the 4 wh
et al., 2016; Martinez-Molina et al., 2Q&hd culture Morrison  reported some form of musical training, 14 rated themselves
et al., 2003, 2008; Wong et al., 2009, 2012; Berns et al), 20 beginners, 13 as intermediates, 10 as amateurs and 5 as
along with how music reward relates to other types of rewargrofessionals. Recruited subjects were compensated $15 per hou
processing Kringelbach, 2005; Berns et al., 2010; Mas-Herrerand provided with round trip transportation on public transport
et al., 2013 The progress made with this work to quantify when applicable. Subjects completed this 1-h study as part of a
the heterogeneity and de nition of musical “preference” hadarger suite of experiments (including experiments not présdn
been substantial and underscores the importance of conigpui as part of this music study) conducted over 2 days, f&h
e orts at quantifying musical preference, and facilitatinggss- each day. For additional information on participant screenin
study interpretation. The music neuroscience literatureuldo procedures and demographics, please see the Supplemental
potentially be enhanced by further development of ways tdMaterial available online.
quantify preference, particularly as they relate to the bialalg This study was approved by the Institutional Review Board of
underpinnings of reward processing. Northwestern University and was conducted in accordancé wit

In the current study, we set out to determine if auditory the Declaration of Helsinki. As part of the process of consent,
stimuli that are dynamic and highly individualized, as witlugic  participants were given a printed copy of the consent form to
(e.g.,Blood and Zatorre, 20QLcould be characterized by RPT, read at their leisure. In addition, we went through each ieect
both for individual preferences and any lawful mathematicabf the consent form, and each phase of the experiment was
patterns. To address these questions, we adapted the REXplained to them, including all potential risks and bene ts.
keypress paradigm to quantify relative preferences towar@/e also reviewed the section of the consent form that included
excerpts of seventeenth to twenty- rst century western ansic ~ appropriate contacts for questions or concerns at that timenor i
(Classical) and twentieth to twenty- rst century jazz anddRilar  the future. At the end of this meeting, participants were githes
music (Popular). Our hypotheses were as follows: (1) Subjectgbtions to sign the consent form at that time, to sign it at eelat
patterns of keypress responses would show the three types dste, or to choose to not participate.
lawful patterns observed previously with visual stimiiditer
and Kim, 2008; Kim et al., 2010; Lee et al., 30(2) These three Music Keypress Task
types of patterns would be “discrete” and “recurrent” for adqwlo The music keypress task quanti ed the amount of e ort in terms
range of music categories, and exhibit scaling betweenithatill ~ of keypresses that subjects were willing to trade for lisigtime
subjects and group data. (3) Broad individual di erences into Classical and Popular music of di erent categories, allgwvin
the relative ordering of data points on these graphs would bguanti cation of valuation. Valuation re ected the valeacof
observed for music preference, despite any lawful structiteeo  change in stimulus exposure (positii2 increased exposure,

graphs tting the data. negativeD decreased exposure, or neutfal no change). It
further re ected the magnitude of e ort exerted to change

MATERIALS AND METHODS the amount of exposure, quanti ed through the number of
keypresses. Subjects thus had a choice between four possible

Participants behaviors: they could (a) approach the stimulus (keypressrtbwa

This study consisted of two phases, a pilot phase and a primatgnger listening time), (b) avoid the stimulus (keypress &otv
experiment phase, each phase with a separate cohort. Sixteshorter listening time), (c) neither approach nor avoid the
adults between the ages of 18 and 36 with a mea8[¥) age stimulus (i.e., do nothing and accept the default listenimge),

of 27.93 5.54 years participated in the pilot experiment (6or (d) both approach and avoid the stimulus (for example, if they
male and 10 female). Sixty-two adults participated in the pryma overshot or undershot their desired listening time or chadg
experiment (25 males and 37 females), with an age range betweadeir mind partway through the stimulus). This music task used
19 and 40, and a mean SD) age of 27.81 5.99 years. procedures and analyses performed and reported previously with
Subjects from both cohorts were recruited by advertisementvisual stimuli, including pictures of average and beautiades
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(Aharon et al., 2001; Elman et al., 2005; Makris et al., R008&ctive avoidance keypressing close to the onset of the active
pictures of emotional facial expressiofgrauss et al., 2005; Perlis keypress listening stage, or out to 30s (3ID$sD 36s mark
et al., 2008; Gasic et al., 2)®od stimuli and the International in Figure 2). Each trial was followed by a white noise mask
A ective Picture System or IAPK(m et al., 2010 The aim of (3 s), which minimized carry-over e ects between trials. The
the procedure was to estimate, on a subject-wise and group-witotal experiment duration per stimulus set had a minimum (i.e.
basis, the patterns of approach or avoidance to the music stimumaximum decrease keypressing) of 16 min, and a maximum (i.e.,
The keypress paradigm for each of the two stimulus sets (i.eanaximum increase keypressing) of 32 min and 48 s.
Classical and Popular music) took about 30 min to complete. The pilot experiment used only classical music stimuli, and in
Each trial included stimulus load time (2s, and part of theparallel with the prior visual paradigms, included six categ®ri
intertrial interval), a passive pre-listening stage (4s) lova of classical music with eight musical stimuli per categomse(s
initial assessment of the piece, and a delay to further fatglit Stimuli section for additional information). Following aeptable
assessment of the piece (Fgyure 2). These were followed by results from the pilot phase (i.e., that music stimuli evoked
the active keypress listening stage, which had a defawdhlisg relative preference graphs similar to those observed withaVis
time of 15 s for each stimulus if no keypresses were made. Henatimuli), the experimental paradigm was re ned in the primary
as schematized iRrigure 2, the default listening time for a trial experiment such that the stimulus presentation was quasi-
after the 4-s passive pre-listening stage and the 2-s sileidcer randomized, and an additional keypress task with Popular musi
was a total of 21 s. Subjects could decrease listening tiene \&timuli was added. For the primary experiment, the Classicdl a

Framing Music by Preference: Keypress Procedure for Music

Default baseline

A ,4_000315 2000ms L. if subject
41 =S . §1-Fi : chooses to
>4 S 54 - not keypress
l Keypress to increase
listening time
0Os 6s 21s 36s 39s

Keypress to decrease
listening time

Trace of the change
in total listening time

Default 1}

baseline \.... ‘I'IL ’ ‘|...

Epochs for different categories of music

FIGURE 2 | Schematic of music preference keypress task. (A) Keypress trial design. Each trial began with a 4-s passive prlistening stage to allow initial
assessment of the musical excerpt, followed by a 2-s silent @riod. The silent period was immediately followed by the aite keypress listening stage during which the
musical excerpt was presented. This stage had a default lishing time of 15, but ranged in duration from 9 to 30 s on eachrtal depending on the keypress behavior
of the subject to approach or avoid the stimulus. A 3-s maskig phase was presented immediately following the active lishing stage; during this stage, white noise
was presented to minimize carry-over effects between trial Subsequent trials began immediately following the end dhe masking phase of the preceding trial(B)
Example traces of keypressing effects on listening duratioduring an example sequence of ve trials. The vertical axisfdhe top panel depicts the divergence of the
total trial-wise listening durations from the default badine (15 sC 6-s pre-listening stage and 3-s post-listening masking phae). Jumps in the listening time occur in
response to discrete keypress responses and adhere to a resfive function (Methods). The horizontal axis denotes thel@sed time in each trial. Colored bars in
bottom panel denote the times of presentation of individuamnusical excerpts comprising individual trials on the keypss task.
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Popular stimulus sets were presented on separate days, and thelata for which no valid value function can be computed.
order of presentation across the 2 days (i.e., Classical rst d_ikewise, subjects who theoretically make completely rando
Popular rst) was counterbalanced across subjects. Fohéurt keypress responses regardless of the presented stimulus would
details on experimental procedures, please see the Supplement@nd to generate data lying far removed from the distribution
Material available online. of value functions observed in subjects performing the tasle
Each keypress task was implemented in Matlab and run on preceding paragraph). In such cases, observing the subjcgs v
personal computer in a quiet room designated for experimentaiunction (if computable at all) conforming to the distributio
testing. The hardware setup included a Lenovo X300 Think Padf value functions from the rest of the study sample is useful
with SoundMax HD Audio running Windows XP, with Sony as an indirect delity measure for such an individual's logwél
MDRZX110 ZzX headphones and a ViewSonic 22' LED monitoof engagement. However, we emphasize that there is no way to
set to 1,440 900 resolution with 16 bit color, and a full-sized absolutely rule out the possibility that subjects were ntarading
keyboard. The keyboard was modi ed by xing a white stickerto the music stimuli and responding in ways that do not re ect
sized to cover the “C,” “V;” and “B” keys, so that subjectsldou their true musical preference. To minimize this possibiliye
nd the “Z” and “X” and “N” and “M” keys with ease. Prior to informed all participants that the duration of the experimerasv
the keypress task, subjects performed a keypress speed tesinttependent of their keypress behavior. Subjects were tatd th
familiarize themselves with the alternating keypressssKilhey to reduce the possibility that their keypress behavior would be
were asked to use their writing hand to press the “Z” and “X"in uenced by a desire to nish the experiment more quickly.
key in an alternating fashion as quickly as possible. Partitgpa Therefore, from the subjects' perspective, their ability xeré
were given visual feedback on their keypress speed throughcantrol involved prolonging exposure to stimuli they enjoyeé th
dynamic bar in the middle of the screen, and were asked tmost, and minimizing exposure to stimuli they enjoyed least. |
increase their keypress speed if they observed it dropping. Theyder to remain objective, we had to accept subjects' keypress
initially performed a short (10s) practice keypress speed tesehavior at face value rather than making subjective assiomgpt
to familiarize themselves with the task, and then a longes 30about what sorts of keypress behavior would or would not re ect
keypress speed task. su cient vigilance to the task. Anecdotally, our experiera@oss
The participant's writing hand was employed using anmultiple studies fharon et al., 2001; Strauss et al., 2005; Makris
alternating two-key keypress design (in contrast to a singlet al., 2008; Perlis et al., 2008; Gasic et al., 2009; Kim 20aD;
keypress design) to avoid fatigue and to enable subjectsaimat Lee et al., 2015; Viswanathan et al., 2015, Phag been that
a high keypress speed throughout the duration of the task. Theubjects not attending to keypress tasks tend to make stgredt
keypress task was designed to capture intrinsic motivatisac{ keypress responses with similar avoidance values to all gezken
and Ryan, 1985; Bandura, 199The objective of adopting this stimuli (i.e., to reduce overall viewing timelim et al., 201
framework was so that the more strongly participants' respenseSuch subjects are excluded from analysis due to the inaldlit
re ected their true relative preferences, the less theipoases compute keypress entropy and thereby t a value function. This
re ected random noise on the one extreme, or completelywas very rarely encountered in our prior experiments, nor was
stereotyped responses (i.e., identical responses acrosall)s it seen in the current study, as indicated by the rare incigen
on the other extreme. The ability to distinguish valid keygge of subject exclusion (sefreliminary Analysisand Relative
based preference behavior from subjects actively attending Preference Analysigethods, and Supplementary Material).
the task from keypress behavior arising from a lack of task For further details on experimental procedures and tables
engagement was an important consideration in our experimentaf valid keypress responses across all datasets, please see
design. In previous work we rigorously considered the extent Supplementary Material available online.
which we could discriminate between such behavigre(ter and
Kim, 2008; Kim et al., 20)0Namely, we investigated whether Musical Stimuli
subjects' keypress response patterns re ect their true prefere The seventeenth to twenty-rst century western art music
behavior (e.g., as distinguishable from random noise),fandd  (Classical) stimulus set consisted of six categories in the
that value functions t from subjects' actual response daga | Western art music tradition, based on agreed upon time periods
intermediate between value functions obtained from randomin music scholarship (Baroque [years 1600-1750], Cldssica
noise or stereotyped (uniform) responses. We interpret thesgears 1751-1814], Romantic [years 1815-1895], Early isthnt
results as indirect indicators of subject task engagemendt a Century [years 1896—1945], Late twentieth Century [ye8d61
vigilance on the keypress-based preference taskiter and Kim,  1999], twenty- rst Century [years 2000—present]). Thesmsti
2008; Kim et al., 2030 comprised eight excerpts (4 vocal, 4 instrumental) in each
In our keypress paradigm, participants have the optioncategory for a total of 48 excerpts. The 48 music excerpts were
to do “nothing” and accept the default listening time, or selected by a professional music theorist (AEB). For further
alternatively to modulate how long the stimulus is presentedletails on criteria for choosing these music excerpts, please s
by actively keypressing. The patterns of their responses atlee Supplementary Material available online.
quanti ed by RPT, but individuals not engaging in the task The 48 Classical music excerpts were chosen based on these
who either never keypress or respond identically to evergriteria: (i) the excerpt was composed within the time periai, (
music stimulus will exhibit unquanti able keypress entromeé the composer is often considered to represent that time period
Relative Preference Analydidethods), and thus will produce and its stylistic features (e.g., Bach represents and isrartly
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well-known composer of the Baroque time period while Mozartfor any of the stimuli. In such a situation (i.e§ D 0), theH
represents and is a well-known composer of the Classical timsomputation results in evaluating log(0/0), which is undeah
period), (iii) the excerpt represents stylistic features @& time  necessitating data exclusion.
period as agreed upon in music scholarship (e.g., represeatati Furthermore, to t models to our data, the data had to be
Classical music often uses diatonic harmonies whereagreened for additional inclusion criteria. The model twiusion
representative Romantic music often uses chromatic harns)nie criteria were as follows: (1) valid entropid) calculations (see
In addition, to ensure each piece had su cient volume during prior paragraph); (2) su cient number of data points to t the
the experiment, each excerpt was linearly transformed, sb thanodel with a computabldR?; and (3) coherence of model ts
each piece had the same maximum loudness. Of the 48 Classibatween individual and group data. This last criterion mgan
excerpts, 24 contained vocals and 24 were instrumental. that the curve direction of individual subject model ts miuse
The twentieth to twenty-rst century jazz and Popular consistent with the curve direction of the group level boang
music (Popular) stimulus set also consisted of six categorieenvelopes, and therefore corroborate the majority of thesobesd
(Alternative, Metal, Adult, Classic Rock, Jazz Fusion, andsida subject data. Altogether, there were 6 types of model ttimigich
Jazz), again with eight excerpts in each for a total of 48 pi&er included group level boundary envelopes (power-law ts with
The categories of Popular music were chosen to optimize sets and logarithmic ts for group(K, H) value functions,
between-category variation. Within each category, we dimeand quadratic ts for group(K, ) limit functions) in addition
to pick excerpts that were famous and others that were legs logarithmic and simple power-law ts for individualk, H)
well-known but re ected similar musical characteristi€ar the  value functions, and quadratic ts for individuglK, ) limit
Popular music stimulus set, there were never more than twéunctions. Model t analysis of individual subject data rewd
excerpts from the same band within a genre. In addition, wen 326 potential ts for each model, including 32 data setstfor
chose some more specialized categories such as heavy metalgitot, and 98 for Classical, 98 for Popular music and 98 for pooled
their polarizing nature, as well as two broad eras of jazz musiClassical and Popular music data. Model t analysis for group
Classic jazz includes artists from the bebop (e.g., Chaglike?  data produced 2 ts for each of 3 models tto 4 di erent datasets
and John Coltrane) and cool jazz eras (e.g., Miles Davis, Daleading to 24 total model ts for the group level analysesefay,
Brubeck). We also include jazz fusion titles from the 1980g.( our reported data contained a total of 1,002 potential modsl t
Chick Corea, Pat Metheny, Jean-Luc Ponty). Of the 48 Populddf the 1,002 potential model ts, a total of 103 data sets were
music excerpts, 11 contained vocals and 37 were instrumental excluded. For group level tting of boundary envelopes, ther
For the pilot experiment, the 48 Classical excerpts weraere 0/24 tsexcluded. Forlogarithmic t modeling of inddual
presented in a xed order. For the primary experiment, the(K, H) data, there were 15/326 data sets excluded. For the simple
paradigm was re ned and the 48 ftrials in each task (e.gpower-law t modeling of individual K, H) data, there were
Classical and Popular music) were quasi-randomized. Quash8/326 data sets excluded. Finally, for the quadratic t mlathy
randomization was obtained by using a Matlab random seedf individual (K, ) data, there were 30/326 data sets excluded.
generator that produced a random ordered non-replenishindModel exclusions for individual subjects are tabulated inl&ab
integer between 1 and 48, which mapped to each of the 481-S5, and detailed for each analysis in the Supplementary
excerpts per stimulus set. Task order (i.e., Classical vs. &opuResults Material available online.
music) was counterbalanced across subjects.

Preliminary Analysis Relative Preference Analysis
Preliminary analysis of data integrity was performed on keggr In carrying out the relative preference analysis, we foltbwe
data from all 78 subjects. Of the 78 subjects, 8 subjects weltee methodology described in detail ixim et al. (2010) We
excluded from the analysis because they failed to return tepecically used an iterative modeling approacha(ks and
complete the second half of the experiment. Another 5 subjectsran, 2009 in which we sought to identify RPT patterns in
were excluded due to corrupN( D 1) or partial N D 4) data the data and three signatures of potential lawfulness, as done
sets. Atotal of 114 datasets were used for analysis from J€c$sib previously with visual stimulireiter and Kim, 2008; Kim et al.,
for the pilot and 49 subjects for the primary study. 2010. This meant observing “discrete” mathematical tting of
The remaining valid data sets (16 for the pilot; 49 for Clagsicgpatterns within the data, “recurrence” of patterns across e
and Popular music) were evaluated using range (min, maxjtimulus sets and experiments, and “scalability” of the ples
location (mean) and dispersion measures (standard dewviatio patterns. We utilized the datasets that met stringent cidtéor
for the numbers of keypresses increasing viewing tikfe)@and  quality assurance, and assessed the graphical structuredsetw
the numbers of keypresses decreasing viewing tikhe),(and the following variables: mean numbers of keypresses to approach
were deemed normally distributed valid data. or avoid stimuli within a music categork€, K ), the Shannon
In addition, as an exclusion criterion, the raw data wereentropy of approach/avoidance keypressing within a category
evaluated for cases wh&hD 0 for a given category (i.e., cases(H®, H ), and the standard deviation €, ) of approach
where the subject made no keypresses to either approach or avaid avoidance keypressing within a category. Graphical aisalys
any stimulus in the category). Computing the Shannon entropysought to determine the presence of functions, manifolds, or
(H) for a given music category requires that> 0; thereforeH  boundary envelopes to individual, and separately, group data
is unde ned for categories in which the subject does not kegpr that followed the same form as RPT functions, manifolds, and
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boundary envelope®(eiter and Kim, 2008; Kim et al., 2010; Leeperformed for the K, H) value functions (see Supplementary

etal., 201p Material available online for further details). For indivial
] subject analysis, we t quadratic functions directly to thé& ()
(K, H) Value Functions data using theooly t function in Matlab.

The rst relationship we considered was the relationship

between mean keypresses to approach or avoid across stim#fC, H ) Trade-Off Plots

within a music categoryK®, K ) and the Shannon entropy (HC,H )trade-o (or opponency) plots were de ned by plotting
of approach/avoidance keypressing<, H ). We used the the Shannon entropy for approactif) against the Shannon
following approach to compute the Shannon entropy separatelgntropy for avoidanceH ) for all music categories in a given
for the positive (approach) and negative (avoidance) keypressimulus set. These plots were generated either across music
responses in each category. First, consider an ensemblesof ttategories for an individual subject, or by pooling data asrall
numbers of either approach or avoidance keypress responses (istibjects in the cohort to generate a group-level plot. For lla¢h
numbers of keypresses) across stimuli within a single music individual subject and group-level data, we found thdf( H )
categoryA D (ag, &, ..., &). We can then de ne the relative data conformed to a radial Bistribution about the origin ofeth
proportions of the approach or avoidance keypress responses fphde-o plot, such thatr D~ (H )2C(HC)?, or, equivalently,

the individual stimuli,p;, such that: HC D 2 (H )2. Radial ts were estimated for individual
W subjects as well as the group-level data by computing the mean
pDa= a. (1) radial distancer, across aIII(iC, H ) datain the trade-o plot.
b1 Relative Ordering of Categorical Preferences
Using these proportions of the keypress responses, the ShannHﬁ'”g methods developed to assess relative preference ifogic i

entropy of the keypress response pattern can be computed for &M €t al. (2010) the relative rank orderings of Classical and
individual music category as follows: Popular music categories along th€, H) value function were

measured for each individual, considering both logarithri
H D X oilo 1 @) power-law ts. To determine rank order, the&k( H) values for
oM gzpi ) individual music categories were projected onto the tteduea
! function by identifying the point on the value function witfé
After computing the values oK and H for each music shortest distance to the observe(, () data. Then, the relative
category, K, H) value functions can be generated by p|ottingorder-of mysic categ.orit.es on.thK,(H)-curve was computed for
the Shannon entropyd against the mean keypressgés for each |nd|y|dual, beginning with music categqugs falllngilr&'sF
all music categories in an individual subjedt, H) data were t© the origin of the value function. Determining the relagiv
also plotted across multiple subjects to visualize data ajtbep ordering of music categories for each individual subjeltive¢d
level. us to assess whether, across stimulus sets and experiments,
At the group level, we assessed i, (H) data contained there were muItip_Ie subjects with the e>_(act same rank orajprin_
boundary envelopes that conformed well to either logaritmi ©f music categories by preference. This data was tabulated in
functions H D alogioK C b) or power-law functions with o sets frequency .hlsto.grams to show the numbers of subjects whieesha
(HD (K C a)°C o): see the Supplementary Material availablg@nk orderings in common.
online for details. At the individual subject level, we assel
ts for logarithmic (H D a logig K C b) and simple power- RESULTS
law (H D b K?) functions to the K, H) data for approach and . . . .
avoig_;nce acr)oss music catego(;es )for individugrsubj(@:gs, Classical Music Pilot Experiment
Figures 4A,Q. The ts for logarithmic and power-law functions Group-Level (K, H), (K, ), and (HC, H ) Analyses
were achieved by performing simple linear regressiortHous. We evaluated the distributions between keypress mean, ateind

logio K, and logo H vs. log oK, respectively. deviation and pattern variables at the group level, by pooling
data across all music categories and all subjects. As a pnahyn
(K, ) Limit Functions analysis, we considered approach and avoidance keypressing

The second relationship considered was that between thexme&ehavior within an initial cohort of 16 subjects keypressing
keypresses toward approach or avoidari€e)(and the standard to six categories of Classical music. We rst examined the
deviation of approach or avoidance keypressing across stimutelationship between mean keypresses to approach or avoid
within a music category ( ). (K, ) limit functions were across stimuli within a music categoriK), and the Shannon
generated by plotting values of againstK for all music entropy of the approach/avoidance keypresses within a category
categories either in an individual subject or pooling the aat (H; MethodsFigures 3A,B. Next, we examined the relationship
together across subjects in a group analysis. At both theetweenK and the standard deviation of keypress responses
individual and group level, we found thak( ) limit functions  within categories (; Figures 3C,D. Finally, we considered the
were well characterized by quadratic functions of the fornrelationship between avoidance entropy for each catedary) (

D a K> C b K C ¢ For the group data, we t quadratic and the approach entropy for each categad{{, which we refer
boundary envelopes to th&( ) data much in the same manner to as the trade-o plot Figures 3E,§.
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FIGURE 3 | Relative preference results for pilot Classical musi ¢ experiment. (A) Group value functions for K, H) data. Symbols denote individualK, H) data
pairs for approach and avoidance keypressing across musidacategories for all subjects in cohort. Boundary envelope® the approach and avoidance keypressing
data were well t by logarithmic functions (light green/red) opower-law functions with an offset (dark green/red)(B) Value functions comparing mean keypress
intensity K) to keypress entropy H) in individual subjects. Symbols indicat& and H values computed within six Classical music categories forither approach ((C,
HC) or avoidance K , H ) keypressing behavior within a single representative sudsjt. Each color denotes a Classical music category. Upwargointing symbols
correspond to approach keypressing; downward-pointing synbols correspond to avoidance keypressing. Dark green anded traces indicate logarithmic ts to
approach and avoidance data for the representative subjecsuperimposed light green and red traces indicate individal log ts for remaining subjects in the cohort.
(C) Group limit functions for K, ) data. Boundary envelopes tol, ) were well t by quadratic functions (red and green traces)D) Limit functions comparingK to
the standard deviation of approach or avoidance keypressim( ) across Classical music categories in individual subject®\pproach and avoidance data for individual
subjects were t to quadratic functions, such that D a K2CbK Cec. (E) Group trade-off plot for HC, H ) data. Black line indicates radial t computed forlﬂc, H)
pairs across all musical categories and all subjects in theahort. (F) Trade-off plot comparing entropy for approach I(IC) and avoidance H ) keypressing across
Classical music categories in individual subjects. Symbslidenote (HC, EI ) data pairs for each music category in the representative $ject. Black line denotes radial
tof (HC, H ) pairs computed for representative subject, such that = (HC)ZC(H )2; gray lines denote radial ts for remaining subjects in cohdr

Figure 3A displays group data comparing mean keypressefdividual Subject ( K, H) Value Functions
(K) for each subject and music category to the keypress entropgdividual subjects’ K, H) value functions were well t
(H). We t boundary envelopes to the grouK( H) data by by logarithmic functions of the formH D a log K C b

estimating the outward edge of thd{,(H) distribution and
then tting either a logarithmic function H D a log K C b)
or a power-law with vertical and horizontal o set$i(D (K C

(Figure 3B). Figure 3Billustrates these ts for a representative
subject (dark traces; symbols indicat&, (H) values for
individual music categories) and for the remaining subgeict

a)° C ¢, Methods). Both logarithmic (light traces) and power-the cohort (light traces). All subjects demonstrated the sam
law (dark traces) functions e ectively approximated the shapdogarithmic shape for both approach and avoidance curves.

of the boundary envelopeF{gure 3A), as with the individual
subject ts (Figure 3B). We similarly t boundary envelopes
to the group limit function comparingk and across music
categoriesKigure 30). The boundary envelopes foK( ) data
were t using quadratic functions, as for the individual gabt
ts ( Figure 3D). In addition, the group HC, H ) data exhibited
a radial distribution around the origin of the trade-o plonGean

Subjects' value functions were also well t by simple power-
law functions of the formH D b K? (not shown). Table 1
provides goodness of t estimates for the logarithmic (log
K, H) and power-law (logK, log H) ts to (K, H) value
functions.

Individual Subject ( K, )and (H®, H ) Plots

radial distancéD 2.63 bits), albeit with greater dispersion of the Consistently, subjects exhibited a quadratic shape to tf€ir

radial distance across subjects when analyzing data atrthg g

level Figure 3E than observed when considering ts within small for low values oK, at which point

individual subjectsKigure 3F.

) curves, of the form D a K2 C b KC c began
quickly rose to

a peak value at intermediaté values, before nally declining
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and returning to baseline level&igure 3D). The same trend of stimulus presentation. We rst considered the Classical

was observed for the approach and avoidance curves in thesidd Popular music stimulus sets separately. Looking at

regard, although the avoidance curves achieved much smallgroup keypressing data across six Classical music categorie

peak heights at lower magnitudes &. Table 1 provides in this larger cohort, we replicated the same ndings as

goodness of t estimates for the quadratic ts t&( ) limit  observed in our pilot phase cohort. Boundary envelopes

functions. for group (K, H) value functions were again well t by
Plotting the relationship betweeld andHC is informative  logarithmic and power-law (with vertical and horizontal

because it reveals tendencies of the subject toward appreach @ sets) functions Eigure 4A), while boundary envelopes for

avoidance (depending on the polar angle) as well as indi erencgroup (K, ) limit functions were well t by quadratic

vs. con ict (depending on the radial distance) for each catgg functions Figure 4B). Group-level H®, H ) data exhibited a

(Kim et al., 2010 Subjects showed clear tendencies towardadial distribution about the origin of the trade-o plot, as

a radial distribution of H®, H ) data in the trade-o plot, observed previously, with a mean radial distance of 2.57 bits

such that the radial distances of th¢l€, H ) pairs were (Figure 40).

positioned roughly a constant distance from the origin asros

music categoriegigure 3Fdisplays the distribution of§®,H )  Individual Subject ( K, H) Value Functions

pairs and the mean radial t for the representative subjeca¢kl We next considered keypress variables in the primary expetimen

trace), in addition to those for the remaining subjects ireth for Classical music categories at the individual subjecellev

cohort (gray traces). First, (K, H) value functions were t separately with logarithmic
functions H D alog K C b) and simple power-law functions

Primary Classical Music Experiment (H D b K®). Figure 5A depicts the logarithmic ts to individual

Group-Level (K, H), (K, ), and (H®, H ) Analyses subjects’ approach and avoidance curves, highlighting the

After establishing these consistent patterns between medK, H) data for individual music categories and ts for a
keypress behavior and pattern variables of keypressing fégpresentative subject (symbols, dark traces). These Ibgacit
the pilot Classical music stimulus seFigures 3A,C,§, we ts were estimated by performing simple linear regression of
repeated these analyses for the primary experiment involvinj against logo K. The linear ts are depicted graphically in
a larger cohort (49 subjects) with data available for caiego Figure 5B which plots H against logo K, highlighting the

of both Classical and Popular music, and a randomized ordeliesults of regression for the representative subject (sysnbo
dark traces).Figure 5C displays the results of the simple

power-law ts to individual subjects'K, H) data. Power-law
ts were estimated by performing simple linear regression of

TABLE 1 | Mean goodness of t statistics for value and limit funct ions for i . R
music categories for the pilot experiment Classical music stimul us set. |0_910 H agamSt_ |0@0 _K,_ the results of these regrgssmns are
displayed graphically ifigure 5D. Goodness of t estimates for
Variables Parameter Mean  SD for parameters logarithmic and power-law approximations to th&,(H) value
5 functions for the primary Classical music analysis are pregid
(LogK ,H ) R 091 0.1 .
i 5 in Table 2
Adjusted R 0.89 0.14
F statistic of i 1 o .
statistic of regression 396 613 Individual Subject ( K, )and (H, H ) Analyses
p-value of regression 0.017 0.031 . . .
(LogKC. HO) o2 085 017 We also considered the relationships betwé&eand as well
o _ 5 ' ' asH® andH at the individual subject level. As seen in the
Adjusted R 0.80 0.22 . T L .
o , pilot cohort, individual K, ) limit functions were well t by
F statistic of regression 421 903 . . . .
. quadratic functions ftigure 6A). Table 2 indicates goodness of
p-value of regression 0.040 0.071 . . . R
(LogK .LogH )  R2 085 022 t estimates for the quadratic functions t to individualK, )
' Adjusted R2 080 033 data. Also consistent with earlier results, individubl<, H )
- ) ' ' data were radially distributed about the origin of the tradleplot
F statistic of regression 104 97 Fi 6 Fi 6Bd h €H(: H d
p-value of regression 0.050 0.16 g |gu_re Bf) .Igltll‘(.é | em_onStrateSt es ! ) rade-o
(LogkC,LogHC)  R2 076 0.29 unctions for individual subjects.
Adjusted R? 0.66 0.39 . .
F statistic of regression 75 107 POpUlar MUSIC Experlment c
p-value of regression 0.13 0.18 Group-Level (K, H), (K, ), and (H~, H ) Analyses
K s ) R2 0.85 0.18 After conrming that the relationships between mean
Adjusted R2 0.74 0.30 keypressing and pattern variables replicated across separate
F statistic of regression 160 534 cohorts of subjects keypressing to Classical music catgori
p-value of regression 0.085 0.15 we asked if these results extended to a dierent genre of
(KC, sC) R2 0.82 0.27 music. We performed an identical analysis to keypressing
Adjusted R? 0.70 0.45 data from the same large cohort of subjects (as depicted in
F statistic of regression 89 149 Figures 4-6), but this time using keypressing data related to six
p-value of regression 0.12 0.24 categories of Popular music. We observed the same relatnsh
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FIGURE 4 | Group relative preference results for the Classical music stimulus set in the primary experiment. (A) Approach and avoidance boundary
envelopes for K, H) data were well t by logarithmic functions (light red/greenraices) and power-law functions with offset (dark red/greenraces). Symbols depict K,
H) data pairs for the six individual Classical music categes across all subjects in the cohort(B) Boundary envelopes for the groupK, ) data were well t by
quadratic functions (green/red traces). Symbols depict{, ) data pairs for all Classical music categories and subject§C) Trade-off plot showing group (-IC, H)
data. Symbols indicate HC, H ) data pairs for each individual music category within indidual subjects. Black line indicates radial t computed acrgs all subjects

and music categories, such thatr D G-IC)ZC(H )2.
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TABLE 2 | Mean goodness of t statistics for value and limit funct ions for the origin (Figure 9B). Goodness of t estimates for logarithmic
music categories for the primary experiment Classical music stimu lus set. and power-law ts to individual K: H) data as well as quadratic
tsto (K, ) data for the Popular music analysis are presented in

Variables Parameter Mean SD for parameters

Table 3
(LogK ,H ) R? 0.88 0.14 . )
Adjusted R2 085 0417 Pooled Classical and Popular Music
F statistic of regression 778 2,232 Analysis
p-value of regression 0.019 0.036 Group-Level (K, H), K, ), and (HC, H ) Analyses
(LogKC, HC) R2 0.84 0.20 As a nal analysis, we took the second (larger) cohort of subjec
Adjusted R? 0.77 032 from the primary experiment and pooled data together across
F statistic of regression 205 485 both Classical and Popular music stimulus sets, to perform a
p-value of regression 0.059 0.13 relative preference analysis for subjects keypressing toah tot
(LogK ,LogH ) R2 0.86 0.19 of 12 music categories spanning di erent musical genres (six
Adjusted R2 081 027 Classical music categories and six Popular music categories)
F statistic of regression 347 1,389 Results of this pooled analysis corroborated the results gbder
p-value of regression 0.041 014 for the pilot experiment as well as the analyses conducted
(LogkC, LogHC)  R2 0.84 022 separately on Classical and Popular music categdfigare 10
Adjusted R2 077 0.36 displays the results of the group-level analysis across genres
F statistic of regression 311 989 Figure 10A depicts the groupk, H) value functions; boundary
p-value of regression 0.063 0.15 enve!ope; to approach. and avoidance data were weII. t by either
® .s) R2 068 0.19 logarithmic functions (light traces) or power-law functismvith
Adjusted R2 079 031 o sets (dark traces). Boundary envelopes to grolp () data
; ; ; c
F statistic of regression 171 399 were well tby quadratlpfunctlonsl?(!gurg 193, gnd group d*,
) H ) trade-o data exhibited a radial distribution with a mean
p-value of regression 0.073 0.15 . X o,
C, <) 2 082 026 radial distance of 2.59 bit&igure 10Q.
Adjusted RZ 071 043 Individual Subject ( K, H), K, ), and (H®, H )
F statistic of regression 1.830 1.2e31 Analyses
p-value of regression 012 023 At the level of individual subjects, value functions fa¢, (H)

data across the 12 pooled music categories were well t with
logarithmic (Figure 11A) or power-law Figure 11Q functions.

between keypressing and all pattern variables evaluated in The simple linear regressionsidfagainst logo K and logoH

. . . . . against logp K used to estimate the logarithmic and power-law
the pilot experiment.Figure 7 displays the relative preference is (respectively) are displayed iRigures 11B.0 highlighting

relationships computed on the group-level data for the Popular, . . -
music cohort. As seen before, group boundary envelopes coume results for the representative subject. Additionallgjwdual

be tto (K, H) value function data using either a logarithmic subjepts exhibited(, ) limit funct.iorlls c.:o.nforming to quadratic
function or power-law with o sets Figure 7A). Boundary funct|ons. qzlgu.re .12A)’ and their |nd|y|QUaI ¢~ H ) data
envelopes t to the groupK, ) limit function data were again were rad|al_ly o_hstrlbuted around the origin of the trade-plot,
well t using quadratic functions Figure 78, while group as shown inFigure 12B Table 4 presents the goodness of t

(HC, H ) data in the trade-o plot were radially distributed estimates for ts to individual subjectsk( H) and K, ) data

about the origin, with a mean radial distance of 2.61 bitsforthe pooled Classical and Popular music analysis.

(Figure 70). Goodness of Fits for the ( K, H) value

Individual Subject ( K, H) Value Functions Function

At the individual subject level, subject®,(H) value functions Given issues in the literature between use of a logarithmic vs
were again well t by logarithmicKigure 8A) or simple power- & power-law framework for the Weber-Fechner Lawe¢hner,
law (Figure 8Q functions when keypressing to the Popu|ar 1860; Stevens, l%]Ne further evaluated the issue of whether
music categoriestigures 8B,Ddisplay the linear regressions of the (K, H) value functions are better t by logarithmic or power-

H against logo K and logo H against logo K used to estimate law functions. Our prior work has shown that both frameworks

the logarithmic and power-law ts, respectively. appear to work well within the range of interpretable human
keypressing Kreiter and Kim, 2008; Kim et al.,, 2010; Lee
Individual Subject (K, )and (H®, H ) Analyses et al., 201} In this manuscript, we addressed this question by

Individual subject results for theK( ) and H®, H ) comparing theR? values for the approach and avoidance curves
relationships for keypressing to Popular music categories aldbetween the logarithmic and power-law ts, in order to see
corroborated the results with Classical music. Individ(la] )  whether one of the functions had signi cantly higher goodee
data were well t using quadratic functions-igure 9A), while  of t values. Considering results for approach and avoidance
(H®, H ) trade-o data conformed to radial distributions about curves across four datasets (pilot experiment, Classicalikts
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FIGURE 6 | Limit and trade-off ts for individual subjects from t he Classical music stimulus set in the primary experiment. (A) Limit functions show the
relationship between mean keypressingK) and keypress standard deviation () across Classical music categories within individual subgts, highlighting a
representative subject (symbols, dark traces). Limit furtions for approach and avoidance keypressing were quadrati ts of the form D a K2C b K C c. (B)
Trade-off plot ts illustrate the relationship between avtniarH:e H ) and approach HC) keypress entropy across Classical music categories, with individual subjects.

Radial ts were computed for each subject such thatr D (HC)ZC(H )2. Symbols and black trace indicate data and t for a representéive subject; radial ts for
remaining subjects are indicated by gray traces.
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FIGURE 7 | Group relative preference results for the Popular mus ic stimulus set in the primary experiment. (A)  Approach and avoidance boundary
envelopes for K, H) data were t by logarithmic functions (light red/green tracs) and power-law functions with offset (dark red/green tracg). Symbols depict K, H)
data pairs for the six individual Popular music categoriesaoss all subjects in the cohort.(B) Boundary envelopes for the groupkK, ) data were t with quadratic
functions (green/red traces). Symbols depict, ) data pairs for all Popular music categories and subject{C) Trade-off plot showing group HC, H ) data. Symbols
indicate Q—IC, H ) data pad'lrs for each individual music category within inddual subjects. Black line indicates radial t computed acras all subjects and music

categories, such thatr D (HC)2CH Y.

set in the primary experiment, Popular stimulus set in thesecond (primary) Classical music dataset (avoidance cuiogs,
primary experiment, pooled Classical and Popular analysis frord.88 0.14, power: 0.86 0.19,p D 0.31; approach curves,
the primary experiment) resulted in eight comparisons, reongr  log: 0.84 0.20, power: 0.84 0.22,p D 0.64; sedable 2, the
a p-value of 0.05/& 0.0063 after Bonferroni correction. None Popular music dataset (avoidance curves, log: 0.60.2, power:
of the di erences inR2 values between logarithmic and power-0.89 0.14,p D 0.76; approach curves, log: 0.88.19, power:
law ts to the (K, H) value functions approached this level 0f0.86 0.18,p D 0.93; se@able 3, or for the pooled Classical
signi cance. For the pilot Classical music dataset, the dghe and Popular music dataset (avoidance curves, log: 0.8814,
avoidance curves hagf-values ( SD) of 0.91 0.11 and 0.85 power: 0.86 0.13,p D 0.07; approach curves, log: 0.8D.20,
0.22 for log and power-law ts (seEable 1), respectively, and power: 0.80 0.20,p D 0.03; se@able 4. Overall, averagB-
were not statistically di erent (two-sample pairadtest,p D  values ranged from 0.82 to 0.91 and 0.76 to 0.89 for the log and
0.19). Fits to the approach curves hgttvalues of 0.85 0.17 power-law ts, respectively. Thus, both logarithmic and power-
and 0.76 0.29 for log and power-law ts (se&able 1), again law functions produced consistently good ts to thi€,(H) data,
not statistically di erent ¢-test,p D 0.27). Likewise, there were and we remain agnostic as to which form may be the preferred
no di erences inR?-values of the ts to the K, H) data for the method for approximating the value function.
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traces) and remaining subjects in cohort (light tracesjC) Simple power-law ts to (K, H) data within individual subjects(D) Log-log plot illustrating linear regression of|
log1g H vs. logyg K for the approach and avoidance data in individual subjects.
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FIGURE 9 | Limit and trade-off ts for individual subjects from t he Popular music stimulus set in the primary experiment. (A) Limit functions show the

relationship between mean keypressingK) and keypress standard deviation () across Popular music categories within individual subjes, highlighting the
representative subject (symbols, dark traces). Limit funions for approach and avoidance keypressing are quadratids ( D a K2CbKC c). (B) Trade-off plot ts
illustrate the relationship between avoidﬁncd{ ) and approach HC) keypress entropy across Popular music categories, withimdividual subjects. Radial ts were

computed for each subject such thatr = (HC)ZC(H )2. Symbols and black trace indicate data and t for a representéive subject; radial ts for remaining subjects
are indicated by gray traces.
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TABLE 3 | Mean goodness of t statistics for value and limit funct ions for average loss aversion values computed across subjectstifor bo
music categories for the primary experiment Popular music stimulu s set. the pilot experiment (Classical music onIy) and the two stinsulu
Variables parameter Mean  SD for parameters sets (Classical and Popular music) in the primary experiment.
For the pilot Classical music dataset, logarithmic ts yieldm
(LogK ,H ) R2 0.90 0.12 average loss aversion D) of 1.13 0.33, while power-law
Adjusted R2 0.87 0.16 ts yielded average loss aversion of 3.261.24. Thus, power-
F statistic of regression 595 1,571 law ts overlapped the classical value reported by Kahneman
p-value of regression 0.021 0.037 and Tversky, while the values obtained from logarithmic ts
(LogKC, HC) r2 0.88 0.19 were lower than this value. For the primary Classical music
Adjusted R 0.84 025 experiment, log ts produced average loss aversion of 1.3812,
F statistic of regression 1,069 3,647 vs. 2.36 3.47 for power-law ts, overlapping the classical value
p-value of regression 0.044 011 in both cases. For Popular music stimuli, loss aversion galue
(LogK ,LogH ) R? 089 014 were 0.97 0.38 for log ts and 5.27 13.48 for power-law ts.
Adjusted R2 084 020 Finally, for the pooled Classical and Popular music analysisn(f
F statistic of regression 106 184 the primary experiment), loss aversion values were 1.2659
) forlog tsand 2.27 0.82 for power-law ts, again overlappin
p-value of regression 0.048 0.085
(LogkC,Log HC)  R2 086 018 the classical value of 2.25 in both cases.
Adjusted R2 0.81 0.24 . ..
F statistic of regression 290 908 SUbjGCthlty Of Preference
p-value of regression 0,053 0.089 Finally, we wished to consider the extent to which
K .s) R2 0'88 0'16 approach/avoidance preferences were unique to individual
' i 5 ' ) subjects. If subjects all had similar preferences to approach
Adjusted R 0.81 0.27 . . . . . . .
£ statisiic of ) o o5 or avoid the various categories of music stimuli, this would
statistic or regression . .
e of g ) 0062 0.12 argue that preferences on the music keypress paradigm are
o . pR'Zvaueo regression 5 015 not subjective, but are more common across all subjects. On
K= s7) ) 5 : : the other hand, if individual subjects had unique patterns of
Adjusted R , 0.79 032 approach/avoidance across music categories, this would argue
F statistic of regression 887 4,397 that preference truly is subjective (i.e., individualizedo
p-value of regression 0.075 0.16

address this question, we examined the relative rank onderi

of Classical and Popular music categories along te H)
value function for each individual, considering both logamic

and power-law ts, using methods developed to assess relative
preference logic ifKim et al. (2010)and described in Methods.

Goodness of Fits for the ( K, ) Value

Function Figure 13shows frequency histograms that indicate the numbers
Across analyses, averdgevalues ranged from 0.82 to 0.88 for of subjects who share rank orderings in common, when all
the quadratic tstotheK, ) value function (se@ables 1-4). categories of music hadk(H) values [thus individuals with 5 or

less categories on th&(H) value function were not included in
Loss Aversion Measures the histograms].

In the behavioral nance and neuroeconomics literaturesdo The horizontal axes in these histograms specify the number
aversion is de ned as the overweighting of losses relative tof subjects who share a particular rank ordering in common.
gains, or, more technically, the slope (i.e., rst derivajiof the For instance, a value of one on the horizontal axis indicates
avoidance curve of the value function divided by the slope ofank orderings observed in only a single subject, a valuavof t
the approach curvekahneman and Tversky, 1979; Kdbberlingindicates number of subjects having rank orderings common
and Wakker, 2005; Schmidt and Zank, 2D0Bor this study, across two subjects (a dyad), a value of three indicates sBumb
we compared a measure similar to the classic de nition of lossf subjects with the same ordering in three subjects (a Jriad
aversion as de ned under prospect theorlyeg et al., 2005 etc. The vertical axis indicates the number of subjectsrolse
which we refer to as loss aversion going forward. Namely, weith each type of rank ordering. (For instance, a bar with a
computed loss aversion from the relative slopes of the approadrequency of 40 centered an D 1 indicates 40 subjects with
and avoidance curves t to subject&,(H) value function data. completely unique rank orderings seen in no other subject.)diRan
For our data, loss aversion for the approach and avoidancerderings observed in common across many subjects (irge la
curves was computed at the point whelkeD 25 keypresses. value on horizontal axis) indicate stereotyped patterns osimu
Kahneman and Tversky originally reported a value of 2.25 fopreference, while rank orderings observed in only one or alsma
loss aversion Kahneman and Tversky, 19)9ndicating that number of subjects (i.e., small value on horizontal axis)eo
humans are more than twice as averse to losses as they ane drandividualized patterns of preference.

to gains. The values we obtained for loss aversion in #e ( For the pilot Classical music phase, we found that all subjects
H) value functions of individual subjects keypressing to musiwith valid avoidance curve ts had completely unique rank
stimuli overlapped this value in many caséable 5provides the preference orderings of avoidance to music categories ftr bo
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FIGURE 10 | Group relative preference results for pooled Class ical and Popular music stimulus sets in the primary experiment. ( A) Approach and
avoidance boundary envelopes forl, H) data were t by logarithmic functions (light red/green tracs) and power-law functions with offset (dark red/green tracg).
Symbols depict K, H) data pairs for the six Classical and six Popular music categies across all subjects in the cohort. Popular music categries are indicated by a
black dot in the center of the symbols.(B) Boundary envelopes for the groupk, ) data were t with quadratic functions (green/red traces). Sybols depict K, )
data pairs for all Classical and Popular music categories a@hall subjects. (C) Trade-off plot showing group (—|C, H ) data. Symbols indicate I(-IC, H ) data pairs for
each ind&vidual Classical and Popular music category withiindividual subjects. Black line indicates radial t compwtd across all subjects and music categories, such

thatrD (HCPCH ).
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FIGURE 11 | Individual ( K, H) value functions and ( K, H) regressions for pooled Classical and Popular music stimulus s ets in the primary experiment.
(A) Logarithmic ts to (K, H) data within individual subjects. Symbols indicate(, H) values within individual Classical and Popular music cageries for approach and
avoidance keypressing in a representative subject. Poputanusic categories are indicated by a black Il'in the center ofthe symbols. Dark green/red traces indicate
log ts for approach/avoidance keypressing in a representatie subject; light green/red traces indicate log ts for remaiing subjects of the cohort.(B) Semilog plot
illustrating linear regression oH vs. log;g K for approach (green) and avoidance (red) data in a represeaative subject (dark traces) and remaining subjects in cohor
(light traces).(C) Simple power-law ts to (K, H) data within individual subjects, including data from a repsentative subject.(D) Log-log plot illustrating linear
regression of log g H vs. log; g K for the approach and avoidance data in individual subjectsncluding data from a representative subject.
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ry experiment. (A)

TABLE 4 | Mean goodness of t statistics for value and limit funct ions for TABLE 5 | Loss aversion values observed in RPT analyses for (K, H) value
music categories for pooled Classical and Popular music stimulu s sets functions t with logarithmic and power-law functions.
(from the primary experiment).
Stimulus set (Experiment) Regression Fit type Loss
Variables Parameter Mean SD for parameters aversion  SD
(LogK ,H ) R2 0.88 0.14 Classical music (pilot) (logg K, H) Log 1.13 0.33
Adjusted R? 0.86 0.18 (logyg K, logyg H)  Power 326 1.24
F statistic of regression 679 1,623 Classical music (primary) (logy K, H) Log 1.38 1.12
p-value of regression 0.010 0.052 (logyo K, logig H)  Power 236 3.47
C yC 2
(LogK™, H¥) R 0.82 020 Popular music (primary) (logp K, H) Log 0.97 0.38
H 2
Adjusted R 080 0.23 (logyo K, loggg H)  Power 527 13.48
F statistic of regression 302 818 Pooled Classical and Popular  (log;g K, H) Log 1.26 1.59
p-value of regression 0.020 0.091 music (primary)
(LogK ,LogH )  R? 0.86 0.3 (Iogio K, logyo H)  Power 227 082
Adjusted R2 0.85 0.15
F statistic of regression 120 128
-value of i 0.0049 0.016 . . .
Lo kC Log b€ psza ue ofregression 2209 ogo The results for the primary Classical and Popular music
(LogK™, Log H™) i 5 : : experiments are depicted graphicallyFigure 13 Rank ordering
Adjusted R’ 0.77 0.23 . . . . .
£ statisiic of ) 64 88 analysis derived from logarithmic ts to the value functions
statistic or regression . . . .
e of gres 0,025 0.071 produced the following results: For Classical music, avoidanc
-value of regression . . . . . . .
K .s) pRZ g 086 0.12 rank orderings were unique in 41 of 47 subjects, whereas 3 pair
' Adjusted R2 0'83 0'15 of people shared common rank orders (3 dyads). This produced
F statistic of regression ’ 92 2'05 a split between 87% unique and 13% shared rank orderings of
p-vallie of regression 0.0035 0.012 preference. The approach rank orderings for Classical musie we
(C. <€) R2 '0 82 0'22 unique in 40 of 48 subjects, whereas 4 pairs of subjects shared
' Adjusted R2 078 026 common rank orders (4 dyads). This resulted in a split between
F statistic of regression 74 96 83% unique and 17% shared rank orderings of preference. For
p-value of regression 0.033 0.12 Popular music, avoidance rank orderings were unique in 30 of

43 subjects, whereas there were 5 pairs of subjects who shared
common rank orderings (5 dyads), and 3 subjects shared #esing

power-law (15 of 15 valid subjects) and log (16 of 16 validank order (1 triad). This produced a split between 70% unique
subjects) ts. For approach behavior, 14 of 16 valid subjeats h and 30% shared rank orderings of preference. The approach rank
unique preference orderings for the log t, and 13 of 15 validorderings for Popular music were unique in 33 of 47 subjects,
subjects had unique preference orderings for the power-law t. whereas 7 pairs of subjects shared common rank orders (7 Ylyads
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FIGURE 13 | Results of relative ordering analyses for primary C  lassical and Popular music experiments.  To determine the individuality of music preferences
across subjects, we determined the rank ordering of music ceegories along the K, H) value functions of individual subjects for both approachred avoidance
keypressing behavior. Histograms were then generated thahdicate the number of subjects having rank order combinadins observed once (i.e., unique orderings),
twice (orderings in two people or dyads), or more. The horiztal axes indicate the number of subjects who have a speci ¢ rak ordering in common. For instance, a
value of one indicates rank orderings observed in only a sitg subject, a value of two indicates rank orderings observedcross two subjects, etc. The vertical axes
indicate the number of subjects in which a given rank order tidence was observed. Rank orderings observed in large numdrs of subjects (i.e., large value on
horizontal axis) indicate stereotyped patterns of music pference across subjects, while large numbers of rank ordérgs observed in only one or a small number of
subjects (i.e., small value on horizontal axis) re ect indualized patterns of preference(A,B) indicate the number of subjects having unique vs. not uniquerderings
of music categories using logarithmick, H) value functions for avoidance (top panels) and approach @ftom panels) keypressing to Classical and Popular music
categories, respectively(C,D) show similar frequency histograms of rank orderings for th€lassical and Popular music categories, but were determirgusing the
power-law ts to (K, H) value functions. Black lines indicate power-law ts to theank order frequency distributions fofA—D) when there are three points to be tted in
the histograms; in histograms without three or more pointsdr tting, these black lines represent schema of a potential t

This resulted in a split between 70% unique and 30% shargateference. The approach rank orderings for Classical musie we
rank orderings of preference. Notably, we also observedithat unique in 36 of 40 subjects, whereas 2 pairs of subjects shared
all analyses, the frequency distributions of rank ordesiocguld common rank orders (2 dyads). This resulted in a split between
be well approximated by power-law functions where there wer®0% unique and 10% shared rank orderings of preference. For
three data points (see black lines kigure 13. In Figure 13  Popular music, avoidance rank orderings were unique in 25 of
where a histogram has fewer than three points for tting, thes 38 subjects, whereas there were 5 pairs of subjects who shared
black lines represent a “perfect” or idealized t. common rank orders (5 dyads), and another 3 subjects who
For the rank orderings in the primary experiments derivedshared a single rank order (1 triad). This produced a split betwe
from power-law ts to the value functions shown iRigure 13  66% unique and 34% shared rank orderings of preference. The
we observed the following. For Classical music, avoidaank r approach rank orderings for Popular music were unique in
orderings were unique in 39 of 45 subjects, whereas 3 pairs 80 of 44 subjects, whereas 7 pairs of subjects shared common
subjects shared common rank orders (3 dyads). This producegreference orderings (7 dyads), resulting in a split betweb 6
a split between 87% unique and 13% shared rank orderings ahique and 32% shared rank orderings of preference.
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Finally, for the pooled Classical and Popular music analysishat used byKahneman and Tversky, 19/ produced a loss
48 and 47 of 49 subjects had valid ts computed for the 1)  aversion metric that almost exactly matched the classiatiiee
avoidance curve for logarithmic and power-law ts, respedyive value (2.27 for our data vs. 2.25 reported in literaturesrsky
and were used for analysis of preference rank ordering. Farnd Kahneman, 1992Notably, the RPT loss aversion metrics
approach behavior, 49 and 48 of 49 subjects had valid curve @bserved with music stimuli were similar to those observetth wi
computed for log and power-law ts. Among these valid subjectsvisual stimuli and to those from a prospect theory paradigm
every single subject had a unique preference rank orderirenwh in the same experimental subjectseé et al., 20)5 These
categories were pooled across both classical and popular mugidings with music stimuli extend the potential use of this
stimuli. keypress task for behavioral neuroscience beyond applications

Across primary experiments and stimulus sets, the majority ofvith static stimuli or visual stimuli, to use with time varygn
subjects had unique relative orderings of music categali@sg stimuli and auditory stimuli, and allow a lawful descriptionthe
the (K, H) value function: 66—90% unique (average of 78%) vsresulting behavior while preserving a broad potential diitgrsf
10-34% shared (average of 22% shared). Our ndings thuseargindividual preference behavior.
that keypress-based musical preferences are, to a condelerab Richard Feynman considered scaling to be a fundamental
extent, unique to the individual. feature of lawfulness-eynman, 1965 The relationships among

As a secondary analysis to the analysis of preferencelative preference variables we observed—tkeH) value
subjectivity, we sought to test if a history of music lessons functions, K, ) limit functions, and H®, H ) trade-o plots—
self-described music expertise were associated with theraglen appeared to scale, with consistent mathematical descriptions
78% unique vs. 22% shared distribution of preferences. Her thbetween individual subjects and the group level. Furtheemo
analysis, there were not enough data points in the 22% sharextale invariance was apparent given the Hgtvalues obtained
group for a valid ANOVA by the Fit type (log or power law), for either power-law or logarithmic ts to the K, H) data.
by Music task (Classical us. Popular music), or by Curve Typ®/ith simple power-law tting, scale invariance was veri ed
(approach or avoidance). by performing linear regression following log transfornwati

of both the K and H axes. The resulting ts characteristically

demonstrated asymptotic behavior €0 a < 1, givenH = b
DISCUSSION K®), which implies that substantial changes in the input vaiabl

(K) produce only minor changes in the outpuidj. It is worth
This study observed patterns of approach and avoidance, in twaoting that such compression of the range of possible outputs
separate cohorts with two genres of music stimuli, that sttbweis a hallmark of biological and other complex systeriss(ger,
individual variability yet were lawful. Speci cally: (1) Bgmic  2001; Freyer et al., 2001ZThe same asymptotic behavior was
auditory stimuli produced RPT functions similar to the three characteristic of the logarithmic ts to the<(, H) data, with the
functions reported from static visual stimuli and schematlz di erence that in this case the ts were obtained by performing
in Figures 1A-C (2) RPT functions from music stimuli, like linear regression oH againstK after log transformation of
static visual stimuli, re ected the value function in prospec K alone. Connections between layers of organization in a
theory and the construct of decision utility from portfolibéory.  complex system specify the information that one layer has about
Metrics derived from these graphs, notably loss aversiong wepther layers $zostak, 2003 Such connections between levels,
similar to what has been reported in the literature with visuaas exhibited in the preserved graphical relationships between
stimuli for RPT and for prospect theory. (3) RPT functions,relative preference variables across individual and grewpls,
across group and individual data, showed a similarity inithe suggest that the principles underlying organization at oredesc
mathematical tting that is consistent with scaling acréegels of are preserved at the otheB(tton and Breiter, 1994; Kim et al.,
organization. (4) Approximately 78% of subjects showed uaiqu201(. Scaling means that a particular description of a behavior
patterns of category preference not shared by more than oner an object does not change if the scale of time, weight hteig
other subject, yet a minority of 22% of subjects had exabty t or other parameters are dilated or contracted by a common
same ordering of music categories, raising the hypothes& offactor. The issue of scaling (or scale invariance) has becom
Pareto distribution de ning a power law relationship betwee a fundamental construct in neuroscience (see Braeutigam
shared and unique preference orders, potentially relatechéo t commentary in Frontiers of Neuroscience, 2017), partidylas
power law ts observed betweelk{H} variables in this study neuroscience seeks to connect and di erentiate measuresnent
(Barry, 1983; Hardy, 20}.0 made as distinct levels of spatio-temporal organizationhsuc

The demonstration that relative preference variables etddb as between behavior, distributed ensembles of circuitsyamnic
the same patterns on a keypress task involving time-varyingircuits, cells, etcHohland et al., 2009
auditory stimuli as observed with static visual stimulises the The observation of scaling and lawfulness in this music
hypothesis that the relationships observed among theseblasia data occurred in parallel with response probability distriloums
are likely domain-general and occur for a wide range of stilnu ~ showing the majority of subjects had unique preference
reward-aversion processing. Graphs from music data shd¥ed orderings. Namely, the majority of individuals in this exjmeent
consistently greater than 0.8, like the studies with vistiahuli.  had a broad diversity of preference toward categories of cpusi
Our “loss aversion” ndings support this in that our pooled yet these pro les could all be consistently t with RPT functions.
Classical/Popular music data with the power-law t (parallel toFrequency analysis of preference rank order (iFegure 13
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could be t with power-law functions and logarithmic ts, Consistent with prior publications using visual stimuli (e.g.
consistent with the use of either function for tting the kpsess Breiter and Kim, 2008; Perlis et al., 2008; Gasic et al.,; 2069
value function Figures 3-5, 7, 8, 10, 11). These observations et al., 2010; Lee et al., 2015; Viswanathan et al., 2015),2017
support the contention that the RPT graphs of music data ar¢he current music data demonstrate o sets from the origin of
lawful (Feynman, 1965 yet allow for individual variability in the the value function graph where the positive and negative value
pattern of preference, arguing that RPT allows for the diversit functions intersect the-axis. Modeling that incorporates such
human preference while providing structure for it. o sets (i.e., logarithmic ts with additive o sets, as opposed
It is intriguing that the distribution of unique to shared to simple power-law ts) consistently shows highf results,
responses across subjects wa3d8-22%, showing strong suggesting the o sets are not artifacts but re ect an impotta
inhomogeneity in this joint ratio, akin to a Pareto distribon  aspect of the underlying system. Such o sets have ready gieslo
(Barry, 1983; Hardy, 20).0A Pareto distribution is a signi cantly to existing behaviors in decision-making during uncertgint
skewed probability distribution that produces power-law ts Namely, the positive 0 set can be analogized to an “ante” in
tending to scale across levels of spatio-temporal orgapizati poker, where a player puts a baseline bet into the kitty of
like those observed in this study. There are explicit procedur existing bets. The negative o set can be analogized asdakin
for testing if data re ects an underlying Pareto distribori, but  hedge against a potential loss, or investing in insurancetec
much larger data sets than ours are needed for such testingncertain negative outcomes. Prior work with prospect theory
and for ruling out that our 78-22% split is not just a statislic (Kahneman and Tversky, 19/@nd matching from operant
anomaly akin to the birthdate problem—in a room of people,conditioning (Herrnstein, 196} appear to disallow such o sets;
what are the odds you share the same birthday? With 3further work is needed to better understand the role of these
instantiations of a 6 digit random number (given only number o sets in reward/aversion behavior as well as their physiaabi
1-6 and non-replacement), there is a 65% probability that &dasis.
number will be repeated. Accordingly, at this time, the 78422  The observation of recurrent patterns among
split between unique and shared preference orderings in stsje approach/avoidance variables to music stimuli has potential
can only be interpreted as supporting a hypothesis of a Pareimplications beyond behavioral neuroscience to the neluerse
distribution underlying musical preference, and needs asie of music preference and recommendation engines. Keypressing
another 2—4 cohorts to be tested, with cohort sizes potdpiiaio  is readily translated into the duration of approach and avoickian
the hundreds if not thousands of subjects. If one were to poadu and exposure duration has been shown to follow an RPT
such a study, one would explicitly test if the alpha-exponent oframework @reiter and Kim, 2008; Kim et al.,, 2010The
the decay function t to the response probability distributio duration of time a user listens to a music track before
(e.g., black curved lines iRigure 13 either de ne a power law skipping to the next song (e.g., data collected by iTunes)
relationship between shared and unique preference ordeiis, o could be used as a surrogate measure of preference intensity,
potentially associated with the exponent for the power-law t ofinstead of a keypress measure of preference. This would
the (K, H) value function (e.gFigures 3-5, 7, 8, 10, 11). permit online music providers to monitor the preferences
Beyond such testing, additional or intermediate variabobey ~ of their users to all accessed songs in order to suggest
also exist which moderate or mediate relations between rangimilar music for which the user is likely to have a strong
orderings of preference, and the lawful patterns betweén { preference.
H, } variables we observed [i.e., re ect an interaction e ect There are also salient implications of the current ndings
(moderation) or an additive e ect (mediation), respectively] for music neuroscience. Important research has indicatext th
For instance, it is possible that variables of music faniiliar preference ratings, such as Likert scale approadhiesr{, 193}
and music training may have a relationship to the responsé quantifying music preferences are associated with reward
probability function, something we did not have the cohoesi circuitry activation (e.g.Blood and Zatorre, 2001; Salimpoor
to test (see last paragraph®ubjectivity of preferenteResults). et al., 2011; Trost et al., 2Q12and that physiological biometrics
Also, prior RPT work has shown that hedonic de cit states ofof preference can be both associated with preference ratings (
hunger/satiation shift the position of categorical prefeses on Blood and Zatorre, 2001; Grewe et al., 2007; Guhn et al.,;2007
the (K, H) value functions, K, ) limit functions, and H%,H )  Salimpoor et al., 2009: Laeng et al., J046d with activation
trade-o plots of individuals, but do not alter the mathemadl  in reward circuitry connected with music responses (e3¢ppd
ts of these functions even when these studies are done morend Zatorre, 2001; Osuch et al., 2009; Pereira et al., 2064t T
than a week apart{im et al., 201 Such work argues that RPT et al., 2012; Salimpoor et al., 2)1Bhe current results point to
curves may provide a method for quantifying familiarity anda number of direct neuroimaging and physiology applications
musicianship e ects on preference. People generally like a sortlgat can add to these ongoing neuroscience e orts. First, th€ RP
more after they have heard it a few times, but many repetitionframework produces a rank ordering of preferences that ful lls
can reduce this preference, suggesting an upside down U curegteria for preference logic{ansson and Grune-Yano , 2009
between exposure (x-axis) and preference (y-a¥ig)rifstein, and is done within a framework of lawful behavidfi(n et al.,
1989. It is possible that theK, ) limit function may provide 2010. Such a framework provides a complementary approach
a framework for mapping familiarity e ects givenits similarito  to Likert scales, particularly excelling at relative ordgriof
an upside down U curve, if exposure is added as a z-axis t thepreference within in individual. Second, the pattern varasbl
and axes. used in RPT, such as the Shannon entropy measirean be
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directly studied against brain activation, and to our knedgje, also have implications for a number of domains ranging from
have only been used once to date with regard to the patterns ipehavioral and music neuroscience to improvement of music
human judgment and decision-making (e.giswanathan et al., recommendation systems.

2015. H describes the uncertainty or information contained

within a pattern of judgments or choices, and as such provides AUTHOR CONTRIBUTIONS

framework by which to study how the brain organizes prefeeenc

information. It also allows an investigator to assess e afts JC, MB, AJB, and HB developed the study concept. BK, ML,
divergence in decision making, to understand how the indiiel  EM, MB, AJB, and HB produced the study design, which was
can have large degrees of freedom for any particular judgment revised by SL, JS, JB, AEB, and JC. Testing and data collection
choice, but still be constrained by the balance between afsetwere performed by SL, BK, ML, and VM while SL, JS, BK, and
approach decisions and a set of avoidance decisions. Aifie (ML performed initial data analysis with guidance of JC, AJB, and
H ) tradeo relationship in particular provides a mechanism HB. Interpretation was performed by SL, JS, BK, AJB, and HB
for having lawful determinism over bundles of choices, @lon with input from EM, AEB, KO, MB, and JC. Initial full draft
with unconstrained choice at any particular decision point,of the paper was by SL, JS, AJB, and HB. Signi cant revisions
and as such, provides a fundamental construct for studyingvere provided by BK, EM, JB, MV, KO, JC, and MB. All authors
the balance between the two. Third, the tting parametersapproved the nal version of the paper for submission.

of the RPT value function, saturation function, and tradeo

function can all be used in linear and non-linear regressiorFUND|NG

analyses, or support vector machine analyses, to identifiyn bra

regions involved with aligning the rank orders of preferenceprimary support for HB and team was provided by the
along with their dynamic shifting for state-based or cortte?  warren Wright Adolescent Center at Northwestern Memorial
factors. For instance, we currently have minimal neurastée Hospital and Northwestern University, Chicago, IL. Support
understanding of how core constructs such as loss aversen Myas also provided by a grant to AB (#052368) from NINDS,
change over time, or relate to dynamic stimuli such as musigvashington, DC, and a grant from the Dystonia Medical
(e.g., see¢/iswanathan et al., 20J5Nor do we have a strong Research Foundation to AB. The funders had no role in study

neuroscience basis for how rank preference ordering mayghandesign, data collection and analysis, decision to publish, or
over the course of circadian cycles, or for contextual fiactiBat  preparation of the manuscript.

make one type of music potentially something the individual

does not want to appear to enjoy (or vice versa). These threRCKNOWLEDGMENTS

approaches to using RPT with neuroimaging and physiology

suggest a number of opportunities for furthering musicwe thank the following participants in the Applied

neuroscience. Neuromarketing Consortium for their helpful comments
In summary, the present study used music stimuli to identifyand discussion around this project: (alphabetical) Bobbyd&xal

discrete, recurrent and scalable patterns for approach/avme  Frank Mulhern, Kalyan Raman, Daniel Stern, Vijay Viswanatha

behavior that were consistent with patterns observed witlwe further thank the following people for support collecting

static visual stimuli. These ndings suggest that RPT patterndata for this study and various logistical issues involvéth w:

may be general across sensory domains and extend fEndrea Roberts. We also wish to thank the Reviewers, whose

dynamic, time-varying stimuli. Individual preference wasitq  work substantially improved and integrated this manuscripid a

heterogeneous across subjects, yet most subjects shawed st by our understanding of authorship guidelines, would qualif

RPT curve ts. This argues that musical preferences can bgem for authorship.

quite individualistic, showing variance along functiorat are

lawful yet provide a scaold for this variance. The ability to SUPPLEMENTARY MATERIAL

quantify individual di erences in this rigorous manner may

advance the precision with which we are able to predictindigid The Supplementary Material for this article can be found

responses to music, both from a behavioral standpoint andnline at: http:/journal.frontiersin.org/article/10389/fnins.

when mapping to underlying biology. These observations mag017.00136/full#supplementary-material

REFERENCES Barry, C. A. (1983)Pareto Distributions. International Co-operative Piitig
HouseNew York, NY: Springer.
Aharon, 1., Etco, N., Ariely, D., Chabris, C. F., O'Connor, Enda Breiter, H. Berns, G. S., Capra, C. M., Moore, S., and Noussair, C. (2010)INeechanisms

C. (2001). Beautiful faces have variable reward value: fMRI ahdvimal of the in uence of popularity on adolescent ratings of musiteuroimaget9,
evidenceNeuron32, 537-551. doi: 10.1016/S0896-6273(01)00491-3 2687-2696. doi: 10.1016/j.neuroimage.2009.10.070

Bandura, A. (19975elf-E cacy: The exercise of Contfdew York, NY: Freeman. Blood, A. J., and Zatorre, R. J. (2001). Intensely pleasurable responseisic
Available online at: http://booksgooglecom/books?id=mXoYHAAAGA correlate with activity in brain regions implicated in reward and emaotiBroc.

Banks, H. T., and Tran, H. T. (2009Ylathematical and Experimental Modeling Natl. Acad. Sci. U.S.A8, 1818-1823. doi: 10.1073/pnas.191355898
of Physical and Biological Processes, Textbooks in MaiteBata Raton, FL:  Bohland, J. W., Caizhi, W., Barbas, H., Bokil, M., Breiter, H. GneCH. T., et al.
CRC Press. (2009). A proposal for a coordinated e ort for the determination ahmwide

Frontiers in Neuroscience | www.frontiersin.org 21 May 2017 | Volume 11 | Article 136



Livengood et al.

Relative Preference Theory and Music

neuroanatomical connectivity in model organisms at a mesoscapie £LoS
Comput Biob:e1000334. doi: 10.1371/journal.pcbi.1000334

Bornstein, R. F. (1989). Exposure and aect:
analysis of research, 1968-1987Psychol. Bull. 106,
doi: 10.1037/0033-2909.106.2.265

Braeutigam, S. (2017). Invited Frontiers Commentary. Tier climbargcle:
'Rede ning neuromarketing as an integrated science of in uerigent. Hum.
Neuroscill:22. doi: 10.3389/fnins.2017.00022

Breiter, H. C., Aharon, |.,, Kahneman, D., Dale, A., and Shizgal,
(2001). Functional Imaging of neural
experience of monetary gains and
doi: 10.1016/S0896-6273(01)00303-8

Breiter, H. C., Gasic, G. P., and Makris, N. (2006). “Imaging theral systems
for motivated behavior and their dysfunction in neuropsychiailiness,” in
Complex Systems Science in Biomedieat® T. S. Deisboeck and J. Y. Kresh
(New York, NY: Springer Verlag), 763-810.

Breiter, H. C., and Kim, B. W. (2008Rrecurrent and Robust Patterns Underlying
Human Relative Preference and Associations with Brain €ir&lus Genetics
Minneapolis, MN: University of Minnesota, Institute of Matheties and its
Applications.

Canessa, N., Crespi, C., Motterlini, M., Baud-Bovy, G., ChiarclG.,
Pantaleo, G., et al. (2013). The functional and structural nelrasis
of individual dierences in loss aversion). Neurosci33, 14307-14317.
doi: 10.1523/JNEUROSCI.0497-13.2013

Chamorro-Premuzic, T., and Furnham, A. (2007). Personality and moaittraits
explain how people use music in everyday lig? J. PsychoB8, 175-185.
doi: 10.1348/000712606X111177

D'Acremont, M., Lu, Z. L., Li, X., Van der Linden, M., and Becha&a(2009).
Neural correlates of risk prediction error during reinforcement learnimng i
humans Neuroimagé7, 1929-1939. doi: 10.1016/j.neuroimage.2009.04.096

Deci, E. L., and Ryan, R. M. (198Bjtrinsic Motivation and Self-Determination in
Human BehaviarNew York, NY: Plenum Press.

265-289.

losseNleuron 30, 619639.

overview and meta-

P.
responses to expectancy and doi: 10.1038/nn2007

Herrnstein, R. J. (1961). Relative and absolute strength of respasse
function of frequency of reinforcement]. Exp. Anal. Behaw, 267-272.
doi: 10.1901/jeab.1961.4-267
Hollebeek, L. D., Hollebeek, L. D., Malthouse, E. C., Malthouse, ,BBIGck,
M. P., and Block, M. P. (2016). Sounds of music: exploring consumers
musical engagemend. Consum. MarkeB3, 417-427. doi: 10.1108/JCM-02-
2016-1730
Kable, J. W., and Glimcher, P. W. (2007). The neural correlates géctive
value during intertemporal choice.Nat. Neurosci. 10, 1625-1633.

Kahneman, D., and Tversky, A. (1979). Prospect theory: an asayslecision
under risk.Econometricd7:263. doi: 10.2307/1914185

Kim, B. W., Kennedy, D. N., Lehar, J., Lee, M. J., Blood, A. &, 8¢ et al.
(2010). Recurrent, robust and scalable patterns underlie human approdch a
avoidancePLoS ONE:e10613. doi: 10.1371/journal.pone.0010613

Kébberling, V., and Wakker, P. P. (2005). An index of loss asarsi Econ. Theory
122,119-131. doi: 10.1016/j.jet.2004.03.009

Koelsch, S. (2010). Towards a neural basis of music-evoked eradtiends Cogn.
Sci.14, 131-137. doi: 10.1016/j.tics.2010.01.002

Koelsch, S., Fritz, T., Miiller, K., and Friederici, A. D. (2006)ebtigating
emotion with music: an fMRI studyHum. Brain Mapp. 27, 239-250.
doi: 10.1002/hbm.20180

Kringelbach, M. L. (2005). The human orbitofrontal cortex: lingimeward to
hedonic experiencéNat. Rev. Neuros@, 691-702. doi: 10.1038/nrn1747

Ladinig, O., and Schellenberg, E. G. (2012). Liking unfamiliasimue ects of
felt emotion and individual di erencesPsychol. Aesthet. Creat. AGsL46.
doi: 10.1037/a0024671

Laeng, B., Eidet, L. M., Sulutvedt, U., and Panksepp, J. (201icMhills:
the eye pupil as a mirror to music's souConscious. Cogi4, 161-178.
doi: 10.1016/j.concog.2016.07.009

Lamont, A., and Webb, R. (2010). Short-and long-term musical pretas
what makes a favourite piece of musi&&ychol. Music38, 222-241.

De Martino, B., Camerer, C. F., and Adolphs, R. (2010). Amygdala damag doi: 10.1177/0305735609339471

eliminiates monetary loss aversidroc. Natl. Acad. Sci. U.SJQ7, 3788-3792.
doi: 10.1073/pnas.0910230107

Elman, 1., Ariely, D., Mazar, N., Aharon, ., Lasko, N. B., MackiM,
L., et al. (2005). Probing reward function
disorder with beautiful facial imagesPsychiatry Res135, 179-183.
doi: 10.1016/j.psychres.2005.04.002

Fechner, G. T. (1860Elemente der Psychophyaifol 2. Leipzig: Breitkopf und
Hartel.

Feynman, R. P. (1965)The Character of Physical Lavondon: British
Broadcasting Corp.

Freyer, F., Roberts, J. A., Ritter, P., and Breakspear, M. (28t2nonical model
of multistability and scale-invariance in biological systeRisoS Comput. Biol.
8:1002634. doi: 10.1371/journal.pcbi.1002634

Gasic, G. P., Smoller, J. W., Perlis, R. H., Sun, M., Lee, S., Kim,, Bt \Al.
(2009). BDNF, relative preference, and reward circuitry responsesati@nal
communication.Am. J. Med. Genet. B Neuropsychiatr. Gel&@B, 762—781.
doi: 10.1002/ajmg.b.30944

Gisiger, T. (2001). Scale invariance in biology: coincidencefootprint
of a universal mechanismBiol. Rev. Camb. Philos. Sot6, 161-209.
doi: 10.1017/S1464793101005607

Glimcher, P. W., and Rustichini, A. (2004). Neuroeconomics:dbesilience of
brain and decisionScienc8062, 447452. doi: 10.1126/science.1102566

Grewe, O., Nagel, F., Kopiez, R., and Altenmller, E. (2007). lngf¢a music
as a re-creative process: physiological, psychological, and psyobteab
correlates of chills and strong emotionddusic Percept24, 297-314.
doi: 10.1525/mp.2007.24.3.297

Guhn, M., Hamm, A., and Zentner, M. (2007). Physiological and icos
acoustic correlates of the chill responsklusic Percept24, 473-483.
doi: 10.1525/mp.2007.24.5.473

Hansson, S. O., and Grune-Yano, T. (2009). “Preferences, Stanford
Encyclopedia of Philosopled E. N. Zalta (Palo Alto, CA: Stanford University
The Metaphysics Research Lab). Available online at: https://ptattford.edu/
entries/preferences/

Hardy, M. (2010). Pareto's lawlath. Intel 32, 38—43. doi: 10.1007/s00283-010-
9159-2

Lau, B., and Glimcher, P. W. (2008). Value representations in the
primate striatum during matching behavior.Neuron 58, 451-463.
doi: 10.1016/j.neuron.2008.02.021

in post-traumatic stressLee, S., Lee, M. J., Kim, B. W., Gilman, J. M., Kuster, J. K., Blodd,et al. (2015).

The commonality of loss aversion across procedures and stifAlbS ONE
10:e0135216. doi: 10.1371/journal.pone.0135216

Levitin, D. J., and Tirovolas, A. K. (2009). Current advances fme t
cognitive neuroscience of musi@nn. N.Y. Acad. Scill56, 211-231.
doi: 10.1111/j.1749-6632.2009.04417.x

Levy, B., Ariely, D., Mazar, N., Chi, W., Lukas, S., and Elmar2008). Gender
di erences in the motivational processing of facial beautgarn. Motiv.39,
136-145. doi: 10.1016/j.Imot.2007.09.002

Lewin, K., Adams, D. K., and Zener, K. E. (1935Pynamic Theory of Personality,
1st EdnNew York, NY; London: McGraw-Hill Book Company, Inc.

Likert, R. (1932). A technique for the measurement of attitudesh. PsychoR2,
5-55.

Makris, N., Gasic, G. P., Kennedy, D. N., Hodge, S. M., Kais&,, Lee, M. J.,
etal. (2008). Cortical thickness abnormalities in cocaine ditdiic-a re ection
of both drug use and a pre-existing disposition to drug abuse®@ron 60,
174-188. doi: 10.1016/j.neuron.2008.08.011

Margulis, E. H., MIsna, L. M., Uppunda, A. K., Parrish, T. B., and Wéhg2009).
Selective neurophysiologic responses to music in instrumentaligtslirérent
listening biographiesdum. Brain Mapp 30, 267-275. doi: 10.1002/hbm.20503

Markowitz, H. (1952). Portfolio selection.J. Finance 7, 77-91.
doi: 10.1111/j.1540-6261.1952.tb01525.x

Martinez-Molina, N., Mas-Herrero, E., Rodriguez-Fornells, A., Zatdreel., and
Marco-Pallarés, J. (2016). Neural correlates of speci ¢ musicabamiee Proc.
Natl. Acad. Sci. U.S.A13, E7337—E7345. doi: 10.1073/pnas.1611211113

Mas-Herrero, E., Marco-Pallares, J., Lorenzo-Seva, U., Zatorre, Rnd.,
Rodriguez-Fornells, A. (2013). Individual dierences in music astv
experiencedMusic Percep81, 118-138. doi: 10.1525/mp.2013.31.2.118

Mas-Herrero, E., Zatorre, R. J., Rodriguez-Fornells, A., and Marco-
Pallares, J. (2014). Dissociation between musical and monetargrdew
responses in specic musical anhedoni&€urr. Biol 24, 699-704.
doi: 10.1016/j.cub.2014.01.068

Frontiers in Neuroscience | www.frontiersin.org 22

May 2017 | Volume 11 | Article 136



Livengood et al.

Relative Preference Theory and Music

Mitra, P. P., and Bokil, H. (2008)0bserved Brain Dynamicblew York, NY:
Oxford University Press.

Mohr, P. N., Biele, G., Krugel, L. K., Li, S. C., and Heekeren, H.0R.0)2 Neural
foundations of risk—return trade-o in investment decisionseuroimaget9,
2556-2563. doi: 10.1016/j.neuroimage.2009.10.060

Morrison, S. J., Demorest, S. M., Aylward, E. H., Cramer, S. C., and Marav
K. R. (2003). FMRI investigation of cross-cultural music comprei@m
Neuroimage0, 378-384. doi: 10.1016/S1053-8119(03)00300-8

Morrison, S. J., Demorest, S. M., and Stambaugh, L. A. (2008)ltEration e ects
in music cognition: the role of age and music complexityRes. Music EdUS,
118-129. doi: 10.1177/0022429408322854

North, A. C., and Hargreaves, D. J. (2010). Subjective compldzityiliarity,
and liking for popular musicPsychomusicol. Music Mind Brai#, 77-93.
doi: 10.1037/h0094090

Sutton, J., and Breiter, H. C. (1994). “Neural scale invariamcetegrative model
with implications for neuropathology,” iwWorld Congress on Neural Netwaqrks
Vol. 4 (Hillsdale, NJ: Lawrence Erlbaum Associates, Inc.), 667-672.

Szostak, J. W. (2003). Functional information: molecular messadmture
423:689. doi: 10.1038/423689a

Tom, S. M., Fox, C. R., Trepel, C., and Poldrack, R. A. (2007). Theaheu
basis of loss aversion in decision-making under riSkience15, 515-518.
doi: 10.1126/science.1134239

Trost, W., Ethofer, T., Zentner, M., and Vuilleumier, P. (201R)apping
aesthetic musical emotions in the braiCereb. Cortex22, 2769-2783.
doi: 10.1093/cercor/bhr353

Tversky, A., and Kahneman, D. (1992). Advances in prospect theory
cumulative representation of uncertaintyl. Risk Uncertain5, 297-323.
doi: 10.1007/BF00122574

Osuch, E. A., Bluhm, R. L., Wililamson, P. C., Theberge, J., Densmor¥iswanathan, V., Lee, S., Gilman, J. M., Kim, B. W., Lee, N., Ckdaib, L., et al.

M., and Neufeld, R. W. (2009). Brain activation to favorite music
in healthy controls and depressed patientéeuroreport20, 1204-1208.
doi: 10.1097/WNR.0b013e32832f4da3

Pereira, C. S., Teixeira, J., Figueiredo, P., Xavier, J., C8stto, and Brattico,
E. (2011). Music and emotions in the brain: familiarity mattePd.0S ONE
6:e27241. doi: 10.1371/journal.pone.0027241

Perlis, R. H., Holt, D. J., Smoller, J. W., Blood, A. J., Lee, S., Kim, ,Bet\al.
(2008). Association of a polymorphism near CREB1 with di erengiarsion
processing in the insula of healthy participantsich. Gen. Psychiatr§5,
882-892. doi: 10.1001/archgenpsychiatry.2008.3

Rentfrow, P. J., Goldberg, L. R., and Levitin, D. J. (2011). Sthecture of
musical preferences: a ve-factor model. Pers. Soc. Psychb00:1139.
doi: 10.1037/a0022406

Rentfrow, P. J., and Gosling, S. D. (2003). The do re mi's of ewetifda the
structure and personality correlates of music preferengeBers. Soc. Psychol.
84:1236. doi: 10.1037/0022-3514.84.6.1236

Salimpoor, V. N., Benovoy, M., Larcher, K., Dagher, A., and Zatd. J. (2011).
Anatomically distinct dopamine release during anticipation and e>gee
of peak emotion to musicNat. Neurosci.l4, 257-262. doi: 10.1038/nn.
2726

Salimpoor, V. N., Benovoy, M., Longo, G., Cooperstock, J. R.,Zatdrre,
R. J. (2009). The rewarding aspects of music listening are related
degree of emotional arousd?LoS ONE:e7487. doi: 10.1371/journal.pone.
0007487

Salimpoor, V. N., van den Bosch, I., Kovacevic, N., McIintoshRA.Dagher,
A., and Zatorre, R. J. (2013). Interactions between the nucleosnabens
and auditory cortices predict music reward valugcience340, 216-219.
doi: 10.1126/science.1231059

Schellenberg, E. G., Peretz, I., and Vieillard, S. (2008). Likingh&ppy-
and sad-sounding music: e ects of exposu@ogn. Emot.22, 218-237.
doi: 10.1080/02699930701350753

Schmidt, U., and Zank, H. (2005). What is loss aversidnRisk Uncertair30,
157-167. doi: 10.1007/s11166-005-6564-6

Schneirla, T. C. (1959). “An evolutionary and developmental thedryighasic
processes underlying approach and withdrawal,Nebraska Symposium on
Motivation, ed M. R. Jones (Nebraska: University of Nebraska Press), 1-42.

Shannon, C. E., and Weaver, W. (1949)he Mathematical Theory of
CommunicationVol. 1. lllinois, IL: University of Illinois Press.

(2015). Age-related striatal BOLD changes without changegliatioral loss
aversionFront. Hum. Neurosc®:176. doi: 10.3389/fnhum.2015.00176

Viswanathan, V., Sheppard, J. P., Kim, B. W., Plantz, C. L., YinglLég,
M. J., et al. (2017). A quantitative relationship between digletection in
attention and approach/avoidance behaviBehavior. Front. Psych@:122.
doi: 10.3389/fpsyg.2017.00122

Walton, M., Bannerman, D., Alterescu, K., and Rushworth, M. (20B@ctional
specialization within medial frontal cortex of the anterior cingted for
evaluating e ort-related decision§. NeuroscR3, 6475-6479.

Walton, M., Bannerman, D., and Rushworth, M. (2002). The role of ratliade
frontal cortex in e ort-based decision-making. NeuroscR2, 10996-11003.

Walton, M., Kennerley, S., Bannerman, D., Phillips, P., and Rushworth
M. (2006). Weighing up the benets of work: behavioral and néura
analyses of e ort-related decision makingleural Netw.19, 1302-1314.
doi: 10.1016/j.neunet.2006.03.005

Warren, R. P. (1963). Preference aversion in mice to bitter snbst&ciencé40,
808-809. doi: 10.1126/science.140.3568.808

Wong, P. C., Ciocca, V., Chan, A. H., Ha, L. Y., Tan, L. H., and tBete
(2012). E ects of culture on musical pitch perceptidPiLoS ONE7:e33424.
doi: 10.1371/journal.pone.0033424

Wong, P., Perrachione, T. K., and Margulis, E. H. (2009). E ettasymmetric

to cultural experiences on the auditory pathwaynn. N.Y. Acad. Scil169,
157-163. doi: 10.1111/j.1749-6632.2009.04548.x

Waunderlich, K., Symmonds, M., Bossaerts, P., and Dolan, R. J.)(28é&dging
your bets by learning reward correlations in the human braieuron71,
1141-1152. doi: 10.1016/j.neuron.2011.07.025

Yamamoto, R., Ariely, D., Chi, W., Langleben, D. D., and Elman, 10920
Gender di erences in the motivational processing of babies aterdened
by their facial attractivenesBLoS ONE:e6042. doi: 10.1371/journal.pone.00
06042

Zatorre, R. J., and Salimpoor, V. N. (2013). From perception to pleasursic
and its neural substrate®roc. Natl. Acad. Sci. U.S.A10, 10430-10437.
doi: 10.1073/pnas.1301228110

Coniict of Interest Statement: The authors declare that the research was
conducted in the absence of any commercial or nancial relatidps that could
be construed as a potential con ict of interest.

Stevens, S. S. (1961). To Honor Fechner and Repeal His Law: a pow@opyright © 2017 Livengood, Sheppard, Kim, Malthouse, BouanewB Lee,

function, not a log function, describes the operating charadieris
of a sensory systemScience 133, 80-86. doi: 10.1126/science.133
3446.80

Strauss, M. M., Makris, N., Aharon, ., Vangel, M. G., GoodmarkKennedy, D.
N., et al. (2005). fMRI of sensitization to angry fadésuroimage6, 389—413.
doi: 10.1016/j.neuroimage.2005.01.053

Marin, O'Connor, Csernansky, Block, Blood and Breiter. ish& open-access
.article distributed under the terms of the Creative ComrAtribution License (CC
BY). The use, distribution or reproduction in other forunpersnitted, provided the
original author(s) or licensor are credited and that theginél publication in this
journal is cited, in accordance with accepted academitiqarado use, distribution
or reproduction is permitted which does not comply wittettesss.

Frontiers in Neuroscience | www.frontiersin.org 23

May 2017 | Volume 11 | Article 136



