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Abstract: 

 Variance in individual differences in music preferences are nearly infinite; no two 

individuals are bound to have the same taste in music. Until recently, scientific investigation into 

the factors that influence these variations has been scarce. Underlying each individual’s unique 

preferences for artists, genres, or songs is their more general appreciation of complexity in 

music. This behavioral experiment of 44 participants aimed to further understand inter-individual 

preferences for musical complexity via questionnaires and ratings of subjective pleasure while  

participants listened to a variety of musical excerpts. A formalized measure of complexity along 

with state-of-the-art synthesis of realistic musical stimuli made this among the most ecologically 

valid tests of individual preferences for musical complexity yet.  

 Results utilizing stepwise regression, linear and quadratic regression, and F tests 

indicated a significant negative correlation between trait ‘Neuroticism’ and mean liking of the 10 

least complex stimuli (R^2 = 0.105, F(1, 40) = 4.71, p = 0.0359). Additionally, when analyzing 

results from a previously studied subset of the stimuli, there was a significant positive correlation 

between ‘Agreeableness’ and average preference for the 10 most complex stimuli (R^2 = .098, 

F(1, 41) = 4.46, p = .0409) in addition to replication of a significant inverse quadratic 

relationship between information content and liking (R^2 = 0.323, F(2, 47) = 11.2, p < .001).  

 Based on prior experiments utilizing many of the same stimuli used in this project, we 

expected an ‘inverted-U’ relationship between musical complexity and preference, disputing the 

prospect of a negative linear relationship. Correlations were expected between Agreeableness, 

Neuroticism, and Openness to Experience and average preferences for information content based 

on previous research. Hypotheses concerning Agreeableness and Neuroticism were confirmed 
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and lay the groundwork for further investigation of personality characteristics and musical 

preferences. Moreover, the inverted-U hypothesis was supported by some of the data, although 

the true relationship between these variables might actually be better described as an 

asymmetrical inverted-U, in which low information content music is preferred to similarly high 

information content music with highest preference for middling complexity. 

Introduction: 

 My work the past three years with the Zatorre Lab has centered around a simple question: 

how and why does instrumental music invoke pleasure, and why do some arrangements of 

pitches conjure more pleasure than others? How is it that a flute solo or orchestral arrangement 

can perk our ears, bring us to tears, or bore us? We theorize that complexity, as formally 

measured by information content, is central to understanding these musical preferences. While 

no note is complex by itself, the relation a note has to notes that come before it in addition to a 

listener’s baseline expectations give rise to each note’s information content. Furthermore, each 

listener’s personality and background may also influence these preferences. Therefore, the 

primary question for this project is also simple yet confounding: what inter-individual 

differences significantly impact preferences for complexity of melodies regardless of genre or 

timbre? 

 It seems as though individual melodic complexity preferences rely heavily on musical 

expectations [Huron, 2006; Pearce et al., 2010]. No two people hold the exact same musical 

expectations, and yet shared culture and tradition form similar expectations that give rise to a 

type of cultural musical grammar [Baroni et al., 1983]. Every piece of music listened to 

PSYC 494D1/D2 Karl A. Neumann Page !3



throughout one’s lifetime adds to these expectations and therefore the same person’s musical 

preferences also change with time [Pearce & Wiggins, 2006]. Popular composers and artists, 

both modern and classical, can have major influences on this collective set of musical 

expectations. The Beatles’ music, for example, likely heavily informs contemporary Western 

music; similarly, Bach’s body of work likely shapes the base expectations that most modern 

listeners have but don’t even recognize.  

 With these baseline expectations each listener brings to the table, more expectations are 

generated as one listens to a song [Brattico & Pearce, 2013, Huron 2006]. These two 

intertwined sets of expectations can then either be fulfilled or broken, both of which have been 

shown to create pleasure [Huron, 2006; Steinbeis et al., 2006]. Listeners seem to be engaged in 

a game of prediction, involving rewards for success when assuming predictable or low 

information content events coupled with pleasure from gaining new knowledge when 

encountering high information-content notes that keep them guessing with little to no 

consequences for failure [Vuust & Kringelbach, 2010]. If this “music game” is too predictable 

or too chaotic for a listener, they will likely lose interest and enjoy the music less. 

 Other researchers have proposed comprehensive models that integrate aspects of the 

multi-modal perceptual experience of listening to music to describe the resulting positive affect 

[Juslin et al., 2008; Juslin & Västfjäll 2010]. Juslin and colleagues’ BRECVEMA model 

breaks down the experience of listening to music into eight categories: brainstem reflexes, 

rhythmic entrainment, evaluative conditioning, (emotional) contagion, visual imagery, episodic 

memory, musical expectancy, and aesthetic judgment. The experimental methodology detailed 

below will attempt to isolate musical expectation and control for the seven other factors. 
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Although the focus of this project is limited to melodic expectations, similar experiments have 

tested the presence of inverted-U complexity and preference relationships in other facets of 

music such as rhythm, harmony, and genre, indicating the possibility for similar complexity 

preferences extending beyond melody. [Fung, C. V., 1996; Gordon, J., & Gridley, M. C., 

2013; Steinbeis, N., Koelsch, S., & Sloboda, J. A., 2006; Witek et al., 2016]. 

 In terms of individual differences that affect these expectations, an intuitive factor in 

preference for melodic complexity is musical experience. Based on recent research, someone 

with extensive musical experience will likely prefer higher complexity music, on average, than a 

non-musician [Burke & Gridley, 1999; Gordon & Gridley, 2013]. This correlational 

understanding of the relationship between expertise and complexity preference lacks 

identification of an exact mechanism. Does the experienced musician’s increased musical 

exposure cause them to interpret the music to be less complex, increase their threshold for 

complexity, or do individuals who put more time into music have increased complexity 

preferences in the first place? Furthermore, the concept of musical experience can be broken 

down into subcategories such as music theory exposure, history of formal training, and regularity 

of practice. Alternatively, many individuals have an intimate relationship with music, despite not 

playing an instrument or singing, that cannot be assessed when only using measures of 

musicianship. Lastly, it remains possible that non-musical factors such as personality differences 

could account for differences in preference. Each of these factors were measured via well-

validated questionnaires in the experiment detailed below. 

 Prior studies have shown promising results regarding the factors mentioned directly 

above. For example, Rentfrow and colleagues utilized the Big Five Inventory of personality traits 
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to show differences in ‘Openness to Experience’ between individuals positively correlated with 

changes in music preferences [Rentfrow & Gosling, 2003]. Furthermore, BFI ‘Neuroticism’ has 

been shown to positively correlate with preferences for more complex genres such as classical 

music and jazz [Dunn et al., 2012].  

 The question that remains to be answered is: if Big 5 personality characteristics correlate 

with changes in complexity preference, what is it about these traits that cause this change? The 

literature examining musical preferences and personality characteristics tends to focus on 

Openness to Experience, Agreeableness, and Neuroticism, which will each be elaborated upon 

below. Extraversion and Conscientiousness have seen comparatively less results, although 

Extraversion has been shown to be significantly related to musical preferences at least once in 

the literature [Nave et al., 2018]. 

 Openness to Experience has been described as the complexity of an individual’s 

experiences and mental life and willingness to try new things [John & Srivastava, 1999]. This 

seems to be directly related to a listener’s willingness to appreciate music that has higher 

information content as these are, by definition, deviations from what is expected when presented 

with musical stimuli.  

 Agreeableness can also be understood as “social adaptability” and therefore the ability to 

quickly alter expectations and preferences given a changing situation [John & Srivastava, 

1999]. In regards to music listening, a listener high on trait Agreeableness will likely be 

comfortable with and appreciate a variety of music and therefore rate music that deviates from 

the “ideal” amount of complexity as more pleasurable —whether it be lower or higher in 

information content— than those low on Agreeableness. Moreover, those higher in trait 
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Agreeableness tend to have larger emotional responses to all types of music and this may be the 

mechanism that causes them to rate all music as more pleasurable [Ladinig  & Schellenberg, 

2012]. 

 Lastly is Neuroticism, which has a different connotation in this context than it does in 

everyday discourse. Neuroticism on the BFI indicates one’s emotional stability and general 

temperament towards their own thoughts [John & Srivastava, 1999]. Despite previous results 

indicating a relationship between Neuroticism and musical complexity preference, the 

mechanism of this relationship is currently unknown [Langmeyer et al., 2012; Dunn et al., 

2012]. Previous studies have demonstrated that those higher in Neuroticism tend to use music to 

regulate their negative emotions more often [Chamorro-Premuzic et al., 2009; Chamorro-

Premuzic et al., 2010]. It’s possible that individuals higher on Neuroticism may seek distraction 

from their own thoughts and thus prefer more complex music in order to maintain more intense 

distraction or to be distracted for a longer time. 

 Central to this approach is the theory that preferences for complexity in music overall 

follow an inverse parabolic or “inverted-U” shaped curve. An inverted-U relationship implies 

that music is processed and enjoyed similarly to challenges or games like a maze; if the maze is 

too easy or too complicated, the player wouldn’t be as excited as compared to a challenge of 

moderate difficulty. This relationship between complexity and pleasure has been referred to as 

the “Berlyne Curve” or “Wundt curve” and it has been shown to be a preference for games or 

challenges across domains [Sluckin et al., 2000]. The background literature regarding this issue 

contained mixed results; studies have found inverted-U relationships in some cases and negative 

linear ones in others [Burke & Gridley, 1990; Egermann et al., 2013; North & Hargreaves, 
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1995; Orr & Ohlsson, 2005; Witek et al., 2016]. This premise is assumed to be true based on 

previous experiments in the Zatorre Lab with stimuli including the present ones, indicating a 

stronger negative quadratic relationship than a negative linear one, as seen in Figure 1 

[Neumann et al., 2017; Pearce 2005]. 

 Additionally, preferences at either end of the spectrum of information content are likely 

to change based upon individual characteristics. The question is, for each of these inter-

individual differences in traits as measured by the questionnaires, how does their individual 

Liking vs. Complexity curve shift? Does the curve widen, get thinner, or is the entire curve 

shifted along the Complexity axis? These questions and more will be confronted later in the 

paper.  

 An integral distinction between the work that will be presented and much of the prior 

work investigating the relationship between musical complexity and preference is the means of 

quantifying complexity. Prior work, such as North & Hargreaves 1995 study, utilized subjective 

measures of complexity which involved participants judging the complexity of each excerpt 

which they also rated their preferences of. The issue with this subjective approach to complexity 

is that individual factors that influence perceived complexity —exactly the factors of interest in 

this experiment— are inseparable from the ratings made. Other studies have had a separate panel 

of judges rate aspects of complexity for each song and then averaged across these ratings [Fung, 

C.V., 1996]. The study to be presented, alternatively, involves a mathematical model that 

quantifies the likelihood of each note in a melody, and then denotes the resulting measurement as 

information content. By operationally defining complexity as formally quantified information 

content, this experiment ensures that participants' individual backgrounds and personalities are 
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independent of the measure of complexity. This allows for between-subjects analyses with 

individual factors such as personality that would be compromised with a “subjective complexity” 

approach.  

 This work strictly pertains to the expectations of Western music, which is based on a 12-

tone division of the octave and often relies on major and minor keys, that include 7 primary notes 

for each tonality (ex: C, D, E, F, G, A, & B for C major). There are many other musical cultures 

that rely on completely different sets of expectations, divisions of the octave, and scales that are 
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liking ratings for 50 of the 55 stimuli



not tested or modeled here and they are no less important. Furthermore, the model we used to 

quantify information content is trained on Western folk and classical melodies and thus does not 

necessarily apply to genres that have different sets of melodic expectations. 

 Lastly, with all of the information above in mind, what do we expect to see in regards to 

the effects of these independent variables? Firstly, we expect to see similar results to that of 

previous work positively correlating personality characteristics such as Openness to Experience, 

Neuroticism, and Agreeableness with complexity preference, specifically as increases in liking 

for high information content stimuli [Dollinger, 1993; Rentfrow & Gosling, 2003]. 

Furthermore, increased musical experience is presumed to coincide with higher overall 

information content preference. Lastly, it seems possible that higher reported reward from music 

overall would correlate with higher information content preference. 

Methodology & Materials: 

IDyOM:  

 An integral component of this project was the computational Information Dynamics of 

Music model, or IDyOM [Pearce, 2005]. The model analyzes a user-input sample of 

monophonic music in order to generate a distribution of probabilities for each musical transition. 

Similarly to past experiments, we used IDyOM to assign note transition probabilities based on 

two parameters: note pitch and inter-onset interval [Gold et al., submitted; Neumann et al., 

2017]. The inter-onset interval is the duration from the start of one note to the start of another, 

while the note pitch corresponds with the 12 chromatic pitches (A-G), totaling 88 notes including 

octaves in Western music. This aims to recreate the melodic expectations of a Western music 
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listener and provides a formalized measure of complexity for each of the musical excerpts. To do 

this, IDyOM relies on two sets of expectations, one modeled after the base set of expectations of 

a typical Western listener that we shall refer to as the “long-term model” and the other that 

generates and modulates expectations while ‘listening’ to a song as the “short-term model.”  

 For the first note in a stimulus, IDyOM will have no information about the current song 

and will rely entirely on the long-term model, but by the last note it will have incorporated all of 

the song’s newly presented short-term information and expectations. Additionally, IDyOM has a 

feature which, when multiple songs are inputed in succession, the information from earlier songs 

can be set to contribute to the long-term model that analyzes later songs, which can be turned on 

or off. While having this feature turned on is probably closer to the experience of a music listener 

incorporating new information to update expectations while listening, we turned off this feature 

and instead controlled for it by semi-randomizing the order in which participants heard the 

stimuli. In effect, we decided to prevent the short-term model from updating the long-term model 

after each excerpt in order to obtain more stable data that does not depend on stimulus ordering. 

 The long-term model is created by introducing a large database of classical and folk 

melodies which the model uses to generate the probabilistic likelihood of any note transitioning 

to another note. The short-term part of the model gains information as the stimuli are presented 

and adjusts the probabilities accordingly. Furthermore, the more likely a note, the less 

information content that note has, where information content is the negative log (base 2) of 

probability: IC = -log2(P). 

 For an example of how the long-term model works, at the beginning of interpreting a 

musical excerpt starting with the note ‘C4’, IDyOM will expect an adjacent note such as “D4” or 
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Table 2: Stimulus information



“E4” more than a distant and out-of-key note such as “F#2.” In this case, there will still be a 

percentage likelihood of “F#2,” say two percent, but the likelihoods of “D4” or E4” are higher. 

Using this same example for the short-term model, imagine after starting with “C4,” an “E4” is 

played and then repeated 10 times. After each E4, the probability of another E4 becomes higher 

and that of every other note becomes lower. Finally, after 10 repetitions, when say a “G4” is 

played, the information content for that G is significantly higher than if the the passage were just 

“C4, E4, G4.”  

 In this experiment, the operational definition of complexity is the average of the 

information content of each note in a excerpt weighted by the notes’ durations as derived from 

IDyOM, denoted as mDW-IC for “mean Duration Weighted Information Content”. This was 

done in order to give more influence to the notes that last longer and accounted for closer 

approximation of the listening experience. With IDyOM, we are able to utilize a formalization of 

complexity that does not change between listeners, unlike subjective measures of complexity that 

rely on listeners’ ratings or that of a panel of judges.  

Questionnaires:  

 Three questionnaires are used in this experiment: the Big Five Inventory (BFI) was used 

to assess personality characteristics, the Barcelona Music Reward Questionnaire (BMRQ) was 

used to quantify aspects of participants’ relationship with music beyond instrumentation, such as 

how they are rewarded by music, and the Goldsmith Musical Sophistical Index (GMSI) was used 

to gather a variety of measures of musical experience [Caprara et al., 1993; Mas-Herrero et 

al., 2013; Müllensiefen et al., 2014]. 
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 The BFI is the leading personality trait questionnaire because it isolates five distinct and 

irreducible personality factors — Openness to Experience, Conscientiousness, Extraversion, 

Agreeableness, & Neuroticism — via factor analysis of the entire dictionary of personality-

defining adjectives. The BMRQ is an important addition because it specifically measures how 

individuals are rewarded by music separate from musicianship. Without the BMRQ, we would 

be forced to rely more heavily on musical experience as a measure of musicality and therefore 

ignore the many individuals who have a deep relationship with music but do not play any 

instruments or sing. Lastly, The GMSI aids our experiment because it breaks down the concepts 

of “musicianship” or “musical experience” into many subcategories that can be analyzed 

together or separately. 

Stimuli: 

 The musical excerpts used for this experiment included the 50 stimuli used in our prior 

experiments in addition to five new stimuli which were included to create a more equally 

distributed sampling of the information content spectrum. Results and information about both the 

original 50 and the full set of stimuli will be presented below, for information on the stimuli 

themselves see Table 2. The stimuli represent a wide range of complexity spanning across the 

information content spectrum derived from IDyOM, and this range can be seen in Figure 1.  

 The stimuli are all 30 +/- 2 seconds long, sampled from real compositions, and 

monophonic — only one note at a time — due to the complications of harmony and the limits of 

IDyOM. Furthermore, they were all standardized to 96 beats per minute in order to minimize 

effects of tempo differences between songs, although there is a possibility that note durations and 

subdivisions within the beats can give rise to feelings of different tempi. The realistic flute preset 
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from within the digital synthesizer KONTAKT 5™ [Native Instruments, Berlin, Germany] 

was used for all stimuli and the reverberation was set to mimic a music studio and therefore 

appear less artificial. 

 A subset of 9 the stimuli were further manipulated in order to switch timbres during the 

excerpt. Each of these stimuli changed timbre at 1/10th, 2/10ths… up to 9/10ths through the 

music respectively in order to test participants attention during different portions of each excerpt 

as seen in Table 1. These trials were used to measure whether the participants were paying 

attention by measuring reaction times to the timbre change via how quickly they hit the “Enter” 

key. The randomly selected attentional stimulus used in the practice trials was removed from the 

experiment, while the remaining 8 attentional trials first appeared to be normal trials during the 

experiment, and participants only preemptively knew when it was going to be an attentional trial 

during the third practice trial before behavioral data collection begun. All participants ended up 

responding to the attentional tests within two seconds of the timbre change, on average, and 

therefore no subjects were removed from analyses for not paying attention and it is presumed 

that the attentional stimuli did what they were intended to do: keep participants actively engaged 

and attentive to the music.  

 Each of the excerpts are from real compositions that were available in MIDI form online. 

The MIDI information includes note pitch, velocity, and timing. The MIDI files were then 

converted into audio files in WAV format via KONTAKT 5 within the digital audio workstation 

Ableton Live™ [Ableton, Berlin, Germany] to make realistic-sounding stimuli. To further the 

humanlike features of the stimuli and increase ecological validity, I utilized Ableton’s “Groove 

Pool” function with randomization set to 25 percent, where zero percent has no effect and 100 
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percent would randomly move each note approximately one subdivision of a beat away from the 

original onset. Lastly, I used the program Audacity™ to normalize the amplitude of all of the 

WAV files in order to ensure all stimuli were similar in volume. 

 The MIDI information used to generate the stimuli were found in free MIDI music 

databases from across the internet. I then ran the full MIDI files individually through IDyOM in 

order to visually inspect their note-by-note duration-weighted information content. I then cut 30-

second segments from these larger pieces in order to get samples from across the spectrum of 

information content. Finally, I ran the newly sliced excerpts through IDyOM to measure their 

duration-weighted information content. 

Participants: 

 44 participants were recruited from Montreal and the McGill community, primarily via 

Facebook and word of mouth. In order to qualify, interested participants had to present a list of 

their five favorite genres via email; if that list included jazz or atonal music, they were excluded 

due to the composition of the long-term model. 19 of 44 participants identified as male. Only one 

subject had all of their data excluded due to a misunderstanding of the ‘familiarity’ question 

during the behavioral portion of the experiment. Another participant withdrew from the study 

after approximately half of the listening portion was complete but their collected data was used 

in the analyses. Each participant was compensated 20 dollars for approximately an hour and a 

half of their time. All participants gave their informed consent before participating in this study 

in agreement with the McGill University ethics committee. 

 Inclusion criteria required participants to be at least the age of 18 and have healthy 

hearing. Exclusion criteria included no prior experience in any of the Zatorre lab’s prior music 
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expectation experiments due to exposure and familiarity with the stimuli, no neurological or 

psychiatric conditions, and genre preferences that did not include jazz or atonal music as 

mentioned above. 

Experimental Procedure: 

 After participants qualified and scheduled their experiment online via Doodle™, they 

were invited to the Montreal Neurological Institute. Once they arrived, they were informed about 

the broad details of the experiment and had the opportunity to consent, after which they took the 

three questionnaires (BFI, BMRQ, & GMSI) online via a password-protected Google Form™ 

that took approximately 20 minutes.  

 After completing the questionnaires, they were brought into the Zatorre lab’s audiometry 

booth in order to isolate them from distracting outside noise. Once in the chamber, participants 

were guided through three practice trials which were representative of the entire experiment. 

Before the practice trials, subjects were given an outline of the experiment and were shown the 1 

to 7 Likert scale to be used to indicate liking ratings for the rest of the experiment. The scale is 

neutral at 4, very positive at 7, and very negative at 1.  

 The first two practice trials were the same; they began with approximately 30 seconds of 

flute music accompanied by a black screen with a fixation cross at the center to maintain their 

attention. The excerpts used in the practice trials were not repeated during the experiment. 

Participants were told to attentively focus on the music during these 30 seconds. Once the 

stimulus was complete, a prompt appeared asking whether the participant was familiar with the 

music just heard, inputting ’N’ for no and ‘Y’ for yes. Participants were told that this did not 

mean they had to know the name of the piece, rather that they recognized it or not. 
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 After the subject responded to the familiarity question, another prompt appeared asking 

them to rate their enjoyment of the excerpt on the Likert scale from 1 to 7. This was then 

repeated once for the second practice trial.  

 For the final practice trial, the participant was told that the trial would start the same as 

the first two, but at some time during the excerpt the timbre would abruptly switch from flute to 

piano. The excerpt used was randomly selected from one of the nine attentional stimuli and then 

excluded from the attention trials during the experiment. When the change occurred, subjects 

were instructed to hit the ‘Enter’ key as soon as possible. After the practice trials were 

completed, the participant had a final chance to ask questions regarding the experiment. After 

any questions were answered, the participant was left in the audiometry chamber to begin the 

data collection portion of the experiment. 

 The remainder of the experiment mainly involved trials akin to the first two practice 

trials, with intermittent attentional trials like the third practice trial spaced every 6 +/- 2 trials. 

This behavioral portion of the experiment took approximately 30 to 40 minutes. After the 

experiment was completed, subjects were debriefed and compensated. 

 In order to ensure participants’ exposure to the full spectrum of information content that 

would be present in the experiment early on to ground their expectations, the stimuli were 

grouped into one of five levels of information content via MATLAB’s "K-Means clustering” as 

seen in Figure 2. This resulted in 5 clusters, with 5 stimuli in the first, 23 in the second, 11 in the 

third, 12 in the fourth, and 4 in the fifth. For the first 5 trials of the experiment, the subject was 

subjected to one stimulus from each of the clusters, and then afterwards the remaining stimuli 

were ordered randomly. 
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MATLAB & Data Analysis: 

 Data analysis of the relationships between 

questionnaire results and overall preference indices 

were completed utilizing linear and quadratic 

regression, correlations, F tests and ANOVAs via 

SPSS™ and MATLAB™. More complex data 

analysis involving comparing quadratic versus 

linear models for this project were completed via 

MATLAB on scripts created by Ph.D candidate 

Benjamin Gold. 

 Smoothing was applied to all behavioral data collected during the listening portion of the 

experiment (liking ratings and the corresponding information contents). This process utilized a 

“sliding window” technique in which the first smoothed value was the average of the first three 

actual data points, the second smoothed value was averaged across the second through fourth 

lowest data points, and so on in order to create more suitable data for quadratic and linear 

analyses. The ‘K-means’ clustering process arbitrarily chose 5 centers and then chose the closest 

center for each point. This K-means process was iterated 1000 times in order to reduce the risk of 

random disorder. 

 With regards to the quadratic versus linear analyses, we checked for whether a 

participant’s relationship between DW-IC and liking was a significantly linear or inverted 

quadratic relationship and then indicated which model better fit the data. Given that a 

participant’s data was significantly quadratic, an ‘Inflection Point’ was designated as the peak of 
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the Inverted U. If a participant only had a significant linear relationship and no significant 

quadratic one, the inflection point data for that participant was entered as missing data. 

 Trials where participants indicated the excerpt as familiar were excluded from analyses 

due to the Mere-Exposure Effect, which would likely increased preference to those stimuli and 

therefore present a confound [Bornstein, R. F., & D'agostino, P. R., 1992; Harmon-Jones, E. 

& Allen, J. J., 2001]. 

 The primary independent variables analyzed were the BFI sub-scales (Openness to 

Experience, Conscientiousness, Extraversion, Agreeableness, and Neuroticism), BMRQ sub-

scales and total scores, and GMSI sub-scales and total scores. The dependent variables were the 

inflection points of quadratic liking ratings by duration-weighted information content (DW-IC), 

average liking ratings for the top 10 DW-IC stimuli, and average liking ratings for the 10 lowest 

DW-IC stimuli.  

 A subset of the full dataset was also analyzed in order to further explore the results. 

Analyses were run on the full collection of stimuli (n=55) for all participants in addition to a 

subset that were used in prior experiments, to be denoted below as the “previous stimuli” (n=50). 

Hypotheses: 

 Based on the relevant music preferences literature and prior experiments in the Zatorre 

Lab, we first and foremost expected an inverted-U relationship between DW-IC and liking 

rating. While some studies have demonstrated a negative linear relationship between these two 

variables, prior data collected with 50 of the 55 stimuli included in the experiment demonstrated 

that an inverse-quadratic model better fit the data than a linear one. 
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 With regards to the questionnaires, we expected Agreeableness to positively correlate 

with higher DW-IC preference [Dollinger, 1993; Rentfrow & Gosling, 2003]. Similar effects 

were expected with Openness to Experience, although studies have shown mixed results 

regarding both indices [Chamorro-Premuzic et al., 2010]. Neuroticism was also expected to 

correlate positively with higher DW-IC preference [Langmeyer et al., 2012; Dunn et al., 2012] 

 Lastly, we expected a positive effect of musical training on the inflection point of 

participants’ DW-IC x Liking Ratings [Burke & Gridley, 1990; North & Hargreaves, 1995; 

Witek et al., 2016]. Although, some studies have failed to show differences in complexity 

preferences between musicians and non-musicians [Sauve et al., 2017].  

Results: 

Full Stimulus Set Analyses 

 The following analyses were performed on the full stimulus set, which will be contrasted 

with analyses utilizing only the 50 previously used stimuli in the section below. 

 Firstly, with regards to the independent variables, a correlation table details the many 

bivariate correlations and relationships for all questionnaire measures, see Figure 4 for details. 

With regards to the figure, significant relationships are denoted with a “*” and significant 

relationships post-Bonferroni correction for multiple bivariate tests are indicated with a “**”.  

  With regards to the relationship between overall mean DW-IC (mDW-IC) and liking 

ratings of the stimuli, linear regression indicated a significant negative relationship (F(1,53) = 

11.10, p = 0.002, Beta = -0.074, p = 0.002), and quadratic regression also displayed a significant 

negative relationship (F(2,52) = 6.00, p = 0.005, Beta_IC = 0.026 (p = 0.808), Beta_IC^2 = 
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Figure 3: Distribution of questionnaire results (BFI. GMSI, & BMRQ)  
Red line represents the mean, salmon areas represent 95% confidence 

around mean, & blue areas represent 1 SD from the mean

Extraversion Agreeableness Conscientiousness Neuroticism Openness

BFI Sub-scales



0.335) as seen in Figures 7 & 8. These two regressions were compared via a likelihood ratio test, 

which demonstrated insignificant improvement of the more complex quadratic model over the 

linear one (χ2 (2, N = 48) = 0.99, p = 0.319). 

 Furthermore, stepwise linear regression of all questionnaire variables were used to 

describe the liking of the ten lowest-IC stimuli, which demonstrated a significant negative 

relationship with Neuroticism (F(1,40) = 5.69, p = 0.022, Beta = -0.417, p = 0.022), see Figure 

11. The same statistical test was used to test whether any independent variables were correlated 

with liking of the bottom ten lowest-IC stimuli, which showed no independent variables 

significantly explained the individual differences in dependent measures.   
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Figure 4: Correlation matrix: All questionnaire measures (BFI, GMSI, & BMRQ.  
“*” indicates significance without corrections, “**” represents significance after Bonferroni corrections 



 Although, Agreeableness positively approached significance when compared with liking 

ratings of the 10 lowest DW-IC stimuli via stepwise linear regression (R^2 = .0725, F(1, 40) = 

3.13, p = .0846, Beta = .406) as seen in Figure 10.  

 Lastly, stepwise linear regression was also used to attempt to explain variance in the 

inflection point of the quadratic curve via the questionnaire results. This analysis indicated that 
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 R^2 = 0.188  R^2 = 0.174

Figure 7: Quadratic regression: mDW-IC and liking 
ratings, all stimuli 

 R^2 = .188, p = .005 N = 53

Figure 8: Linear Regression: mDW-IC and liking ratings, 
all stimuli 

 R^2 = 0.174, p = .002, N = 53

= New Stimuli

Figure 5: Quadratic regression: mDW-IC and liking 
ratings, only previous stimuli 

 R^2 = 0.323, p < 0.0001, N = 47

 R^2 = 0.323

Figure 6: Linear regression: mDW-IC and 
liking ratings, only previous stimuli  

 R^2 = 0.209, p < 0.001, N = 48

 R^2 = 0.209

= New Stimuli



no independent variables significantly explained the differences in inflection points of the 

quadratic curves. 

50 Previous Stimulus Analyses 

 The following analyses were performed by utilizing listeners’ responses to only the 50 

previously used stimuli while removing the 5 new stimuli (as indicated in green on Table 2 and 

Figures 7 & 8). These analyses were done separately in order to investigate the differences the 5 

newly-added stimuli had on liking ratings of the remaining 50. 

 Linear regression between the overall mDW-IC and liking ratings of the 50 stimuli 

indicated a significant negative linear relationship (F(1,48) = 12.70, p < 0.001, Beta = -0.100, p < 

0.001). Quadratic regression of the same relationship indicated a significant negative relationship 

too (F(2,47) = 11.20, p < 0.001, Beta_IC = 0.274 (p = 0.049), Beta_IC^2 = -0.022 (p = 0.007)). 

Similarly to the full dataset analysis, these two models were compared via a likelihood ratio test, 

which unlike the prior likelihood ratio test, demonstrated that the quadratic model was 

significantly better than the linear model (χ2 (1, N = 48) = 7,78, p = 0.005), see Figures 5 & 6. 

 Stepwise linear regression of questionnaire variables with liking of the ten highest-IC 

stimuli indicated a significant positive relationship with Agreeableness (F(1,41) = 4.46, p = 

0.041, Beta = 0.625, p = 0.04), see Figure 9. 

 Stepwise linear regression of questionnaire variables to describe the liking of the ten 

lowest-IC stimuli indicated a significant negative correlation with Neuroticism (F(1,40) = 4.71, p 

= 0.036, Beta = -0.371, p = 0.036). 
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 Finally, stepwise linear regression indicated that none of the independent variables  

significantly explained the inflection points of the quadratic curves, including no personality 

measures or measures of musicianship. 
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Figure 10: Stepwise linear regression: Agreeableness and 
mean liking ratings of bottom 10 DW-IC stimuli, all stimuli  

R ^2 = .0725, p = .0846, N = 40

Figure 9: Stepwise linear regression: Agreeableness and mean 
liking ratings of top 10 DW-IC stimuli, previous stimuli  

R^2 = .098, p = .0409, N = 41

 R^2 = 0.098

Figure 11: Stepwise linear regression: Neuroticism and 
mean liking ratings of bottom 10 DW-IC stimuli, all stimuli  

R ^2 = .125, p = .022, N = 40

 R^2 = 0.125
 R^2 = .0752



Discussion: 

 The relationship between individual differences in musical preferences and the 

personality traits and experiences that underlie them are still unknown. Moreover, with regards to 

complexity, these factors are just beginning to be investigated and at this point no scientific 

investigation into them, including this work, is more than correlational [Nave et al., 2018; 

Renfrow & Gosling, 2003]. With robustly valid and reliable questionnaires such as the Big 5 

Inventory to quantify individual personality differences, contemporary music software to emulate 

and manipulate humanlike-music, and computational models to examine the expectations 

associated with these preferences, questions in the deeply subjective domain of individual 

musical pleasure can finally begin to be illuminated. The unscientific work that was relegated to 

philosophers and composers for millennia can now be taken on by psychologists and 

neuroscientists, transforming the introspective and phenomenological into the quantifiable.  

 Results from this experiment indicated a number of significant correlations between 

personality characteristics and music preferences that partially replicate prior experiments and 

open the door to explore previously-unreported relationships. Agreeableness and Neuroticism 

were statistically significantly correlated with increases in liking of the most complex stimuli and 

dislike of the simplest stimuli respectively. Furthermore, the overall liking rating vs. mean DW-

IC analyses support the inverted-U hypothesis on one hand, and an overall negative linear effect 

on the other hand when looking at the full set of stimuli. While these results regarding 

complexity preference seem to be contradictory, they may offer a more nuanced insight into the 

true nature of this puzzling phenomenon. Lastly, the lack of significant relationships between 

individual differences in musicianship or musical reward and the dependent variables was 
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unexpected and challenge the intuition that increased musical experience correlates with 

complexity preference.  

 Outcomes with respect to Agreeableness replicated prior work indicating larger affective 

responses to complex music stimuli, in addition to the result that approached significance which 

may indicate an increase in liking of all music, if not specifically the most complex music. 

[Lading et al., 2012]. Trait Neuroticism, alternatively, did not exhibit the expected relationship 

although what appeared was something similar; instead of correlating with increasing liking for 

complex music, Neuroticism correlated with decreasing liking of simple music [Dunn et al., 

2012; Langmeyer et al., 2012]. Openness to Experience, however, did not exhibit correlations 

with complexity preference as it has in previous work [Nave et al., 2018; Rentfrow et al., 

2003]. Openness to Experience results replicated Mas-Herrero and colleagues work when 

comparing the BMRQ with the BFI, with statistically significant correlations between BMRQ 

total score, and BMRQ Social Reward and Music Seeking sub-scales. Lastly, Openness to 

Experience was also statistically significantly correlated with almost every one of the GMSI sub-

scales even after Bonferroni correction, indicating substantial overlap between the measures. 

 The two sets of analyses done in this experiment differed based upon whether they 

included the 5 stimuli that were added in order to increase the range of information content. The 

overall relationship between complexity and preference was better modeled by a quadratic or 

linear model depending on whether these songs were excluded or not. The new stimuli were 

primarily found from jazz songs in order to have exceptionally high information content but may 

have presented issues with IDyOM, which is trained exclusively on folk and classical melodies. 

Additionally, it is possible that the inclusion of these stimuli stretched the boundaries of what 
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listeners deemed “extreme” information content during the experiment. This could have widened 

their complexity vs. liking curve and thus made other less extreme stimuli more preferable, as 

shown in prior experiments in the Zatorre lab [Neumann et al., 2017]. Nonetheless, having the 

ability to look at both datasets was valuable and provided insights that were impossible 

otherwise.  

 A key takeaway from the main results of this experiment is the possibility for an 

asymmetry in the inverted-U relationship between liking and complexity. It appears that the 

inverted-U curve may be biased towards lower information content music such that simpler 

stimuli are more preferable than more complex stimuli equidistant from the mean of the sample, 

with maximal preference still in the center of the curve. Alternatively, this revision of the 

inverted-U hypothesis could be an aberration from the stimuli presented due to restriction of only 

including composed music. The stimulus set lacked sequences of pitches so simple that they are 

unrecognizable as “music,” such as the repetition of a single note or simple linear scales, which 

may explain the bias towards lower information content music. If this lack of extremely simple 

stimuli is what drove the effect, it is possible that we are only seeing a portion of the total 

inverted-U curve, with the leftmost portion cut off. 

 Personality trait results from this experiment, specifically those regarding Agreeableness 

and Neuroticism, present novel relationships that deserve further investigation. Agreeableness 

seemed to widen the liking vs. complexity curve, increasing the liking rating of the most 

complex stimuli and possibly increasing preference for simple excerpts too. Although, the 

increased low-complexity preference correlation with Agreeableness should be approached with 

caution due to a p-value that failed to reach significance (p = .0846). Neuroticism’s correlation 
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with dislike of simple music indirectly supports the background literature while being slightly 

different from it. Prior work indicated an increased preference for genres deemed more complex, 

such as classical music and jazz, but never relating to complexity more generally. Increased 

usage of the emotional regulation aspect of music has been shown to correlate with increased 

Neuroticism, although the correlation between Neuroticism and the Mood Regulation sub-scale 

of the BMRQ was not significant.  

 The lack of significant correlations between dependent variables and measures of 

musicianship and musical reward were perhaps the most surprising result of this experiment. As 

stated in the Introduction, intuitionally, it was proposed that musically experienced individuals 

would prefer more complex music. The data collected directly contradicts this claim. Instead of 

musically experienced individuals preferring more complex music than their non-musician 

counterparts due to their intense musical experience, it may be their personality characteristics 

and preexisting penchant for complex music that drives their preferences. Future studies could 

focus on sampling participants with extreme amounts of music exposure, by recruiting 

participants who are professional musicians and those with no experience at all, to further 

examine this relationship. 

 In terms of possible confounds for the results of this work, the remaining seven factors in 

Juslin’s BRECVEMA model (besides musical expectation) may have played a role despite 

attempts to control for them [Juslin et al., 2008; Juslin  & Västfjäll 2010]. Rhythmic 

entrainment, the “R” of BRECVEMA, may have been more or less present in some of the stimuli 

and could have played a role in liking. Excerpts with a rhythm easier to lock into and move with 

were likely more enjoyable [Witek et al., 2016]. Additionally, (emotional) Contagion, or the 
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“C,” which entails taking on the emotion of the music, was not sufficiently controlled for. Pieces 

range in emotional tone and were not controlled for whether they were in major keys, minor 

keys, or some other modality. The degree to which emotions were aroused by the music could 

very possibly influence preferences, as emotion evocation is a key part of positive musical affect 

[Mas-Herrero et al., 2013]. Finally, Aesthetic Judgment, the “A,” of BRECVEMA, is the 

personal stylistic preferences each individual brings to the experiment based on their personal 

musical history. Despite efforts to control for this by presenting a variety of genres and artists 

whilst maintaining the timbre, tempo, and style of the stimuli to minimize the variance caused by 

this, it is nonetheless an unavoidable confounding influence that should not be ignored when 

examining the results of this experiment.  

 Personality characteristics, despite the robust test-retest reliability of the BFI, are 

sometimes subject to change within-individuals based upon the situational context [Fleeson, 

2001; Steck & Machotka, 1975]. Individuals have been shown to temporarily score higher on 

Conscientiousness when in academic settings, on Agreeableness with friends, and on 

Neuroticism when acutely stressed [MacAdams & Pals, 2006]. The controlled and systematic 

nature of this experiment could have temporarily influenced these personality traits and how 

these traits interact with preferences for musical complexity. Even though this variance may 

exert a similar effect on all participants, there may be interacting effects or individual differences 

in these changes that could have confounded the results.   

 Future work investigating the nature of complexity preferences in music should aim to 

control for the confounds mentioned above, such as by utilizing music from a larger variety of 

genres in order to more accurately represent the range of musical influences and expectations of 
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Western listeners. Furthermore, improvements to the IDyOM model could incorporate relevant 

modern melodic expectations, such as those by major popular artists like the Beatles, jazz artists 

like Miles Davis, and even more contemporary and influential artists like Beyonce. All of these 

composers and musicians influence the expectations that participants bring into the laboratory 

environment and the optimal model to investigate these expectations would include as many 

influential sources as possible.  

 Additionally, including even simpler excerpts in the stimulus set may lead to a better 

understanding of the relationship between liking and complexity. The point in which the 

information content of an excerpt goes from elementary, unmusical patterns to what listeners 

consider to be “music” was not sufficiently sampled and is an area ripe for investigation. 

Furthermore, the inverted-U hypothesis detailing the relationship between complexity and liking 

is still inconclusive and deserves further investigation. The possibility of an asymmetrical 

inverted-U has been presented by this work and future experiments could test whether that 

hypothesis is factual or merely an artifact of the data collected. 

Conclusion: 

 In line with results from other recent work, it seems that musical preferences are at least 

correlated with, if not mediated by, personality characteristics. This experiment, specifically 

aimed at investigating the differences in musical complexity preference between individuals, 

demonstrated significant correlations between Neuroticism and Agreeableness with preferences 

for low and high complexity stimuli respectively. Differences in musical experience and music 

reward, however, failed to significantly correlate with any of the dependent variables relating to 
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musical complexity and liking. These novel results leave more questions unanswered than 

answered, but refine hypotheses regarding the overall relationship between musical complexity 

and preferences and interactions between personality traits and complexity preferences. The 

enigmatic and unique experience of pleasure each individual has while listening to any piece of 

music is still largely unexplained, although this work takes a step in the direction of 

understanding and quantifying the previously unquantifiable.  
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Statement of Contribution 

 Despite the fact that this was my independent thesis project, the work done for this 

semester’s research course was only possible with the assistance and mentorship by Ph.D 

candidate Ben Gold. Mr. Gold wrote the code used to analyze the data for this project. My work 

this semester included designing & conducting the experiment, data analysis, subject 

recruitment, creation of stimuli, and assisting others in the lab. The majority of the lab work this 

year involved planning, scheduling, and collecting the data from 44 participants which each took 

approximately 2 hours per experiment. My project also was designed in part to replicate and 

validate prior work on musical expectation. Additionally, this project would not have been 

possible without Dr. Marcus Pearce’s IDyOM model of information content in monophonic 

music and his collaboration. Lastly, but not least, this project would have been impossible 

without the guidance and resources of Dr. Robert Zatorre. This experiment and other work this 

semester is based heavily upon the work that was done during my past research projects and 

previous experiments done by Mr. Gold and the rest of the Zatorre Lab.
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