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Abstract

Given that there are well documented differences in terms of
preferences for music, this study explored whether very basic
melodic stimuli can be used as correlates of some
psychological individual differences such as personality traits.
We created a set of short musical stimuli which we
manipulated in terms of basic melodic properties such as pitch
range, key, and average pitch. In a university sample with a
final count of 103 valid cases, we collected preference ratings,
pupil dilation data, and questionnaire data on personality and
demographic variables. We then used a machine learning
technique to build decision trees that would provide insights
on what patterns might be useful to pursue further in
subsequent work. We found that there were suggestive
patterns regarding how preferences for the set of musical
stimuli related to self-reported personality traits. Despite very
important limitations to the current results, we believe that
there is potential for refining this technique to yield a
potentially useful paradigm in the measurement of
psychological individual differences.
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Introduction

The study of personality often involves the measurement of
behaviors through self-reports (John, Naumann, and Soto 2010),
through assessing patterns of reasoning (James, 1998), or by
inferring apperception through projective techniques (Murray,
1938). One strategy that has not been fully investigated is the use
of nonverbal stimuli to study individual differences in
preference. This is made plausible by experiments that have
shown that perceptual preferences are related to certain
personality traits (Barron and Welsh, 1952; Chamorro-Premuzic,
Fagan, & Furnham 2010; Geen, 1984). An attempt in measuring
individual difference using visual stimuli preference is seen in
the Barron-Welsh Art Scales (Barron and Welsh, 1952). The
possible advantage this confers is its non-verbal means of
administration which can cater to special populations and
young children.

However, the properties of visual stimuli, especially
when sufficiently complex, may be difficult to quantify and thus
may not be easily subjected to certain computational methods.
Musical stimuli, on the other hand, are readily formalized with
alevel of precision not practical for visual stimuli. This can allow
a more data-driven investigation not available with previous
methodologies. At the same time, the fact that we have a well-
articulated framework for specifying musical stimuli holds out
the potential that findings from such procedures will be more
readily interpretable than that using other modalities as stimuli.

The objective of the current study is to explore the
potential of basic musical stimuli and machine learning
algorithms as tools for investigating the psychology of
personality. We are not particularly interested in how people
respond to actual music in their daily lives, and thus we are
unconcerned about genre-based classifications or preferences
relating to complete pieces of music. For the meantime, we are
confining ourselves to people’s responses to very basic and very
short musical stimuli. In this preliminary study, we are also less
interested in coming up with a good predictive model of

63



Philippine Social Sciences Review, Vol. 74, No. 2 (2022) | Galang, Policarpio, Xu, Nalipay & Cabredo

preferences. Rather, we are using a machine learning technique
as a heuristic for theory-generation. We prefer to be circumspect
about the utility of the specific models generated in this study
and leave their validation to future projects collecting fresh
independent data from a new sample. Should this strategy
prove fruitful, it could yield insights into a new paradigm of
non-self-report methods of assessing interesting psychological
variables.

There is existing work that has explored the use of
machine learning in predicting personality from social network
site use. For example, Ortigosa, Carro, and Quiroga (2014)
hypothesized that users having similar personality will show
similar behavioral patterns when interacting through virtual
social networks, and these patterns can be mined to predict user
personality. To test this hypothesis, they developed a Facebook
application to collect information about 20,000 users regarding
their personality traits and their interactions within Facebook.
Automatic classifiers, which are essentially predictive models,
were trained by using different machine-learning techniques to
look for interaction patterns that provide information about
users’ personality traits based on collected data. These classifiers
were found to be able to predict user personality using
parameters related to user interaction, such as number of friends
or wall posts. Results show that the classifiers have a high level
of accuracy, making the proposed approach a reliable method
for predicting user personality. There have been other research
along similar lines that have used similar text-mining strategies
to discover interesting relationships between social media
language use and personality (Schwartz, et al., 2013).

Kosinski, Stillwell, and Graepel (2013) have already
shown that individual characteristics like male sexual
orientation, political ideology, and to some degree personality
trait scores on 20 items derived from the International
Personality Item Pool questionnaire (Goldberg et al., 2006), can
be predicted using data on Facebook “likes” from a large
volunteer sample (approximately 58,000). Although the
predictive ability of “likes” data was not better than the
questionnaire instrument itself, they go on to show in a later
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study (Youyou, Kosinski, and Stillwell, 2015) that Facebook
“likes” data can perform better than close others (e.g., friends)
at predicting self-rated personality traits in a sample of 86,220
participants. At the very least, this line of work is showing that
preference data, in this case, Facebook likes, can on its own be
an alternate way to index personality traits.

The relationship between musical preferences and personality

Some important work in the study of musical preferences and
personality was undertaken by Rentfrow and Gosling (2003).
Because the concept of musical genre (e.g., “country”,
“classical”, “heavy metal”) has always been imprecise and
problematic, Rentfrow and Gosling sought to reduce the
complexity to coherent dimensions through exploratory factor
analysis of ratings of 14 musical genres. Four dimensions
emerged from their data, which they termed as Reflective and
Complex, Intense and Rebellious, Upbeat and Conventional,
and Energetic and Rhythmic. They go on to show that these four
dimensions have significant correlations with personality traits
and social attitudes. This study is notable because it represents
one of the few systematic attempts to comprehensively describe
musical preference. It also goes some way to addressing the
conceptual problems of studying musical genres, although
problems remain especially given that the starting items still
assume certain cultural knowledge of the identified genres.

Cattell and Saunders (1954) represent a very early attempt
to explore possible connections between the formal parameters
of music and personality. Using 120 musical excerpts played on
piano, they had 196 university level students and 188 patients
from a psychiatric institution listen to and indicate their liking
for or dislike of the musical excerpts. Cattell and Saunders’
preliminary interpretations of the factor structure of the
preference ratings were based on the 16 personality factors
identified by Cattell (Cattell, 1956). Thus, for example, one factor
loaded the preference for Debussy’s “Girl with the Flaxen Hair”
with Mendelsshon’s “Violin Concerto, Mov. 2” and was
interpreted as having “a quality of warmth and gentleness, such
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as might be expected to appeal to the cyclothyme Factor A or H”
(p. 19).

Dobrota and Ercegovac (2014; and see also Ercegovac,
Dobrota, and Kuscevié, 2015) more recently extended the
investigation described by Cattell and Saunders (1954) by
testing for actual correlations between preference for musical
features. A sample of 202 students completed a scale of
optimism and pessimism, and items from the International
Personality Item Pool (IPIP) for measuring personality, as well
as rating fragments of actual music. They observed gender
differences in that females tended to have a preference for music
in the major key and fast tempo. Extraversion, Agreeableness,
and Conscientiousness correlated with preferences for the
combination of major key with fast tempo, while only Openness
predicted preferences for music in the minor key and slow
tempo. Only the result for Openness remained significant once
all predictors were tested in a hierarchical regression. These
results however have a clear limitation because the way they
selected their stimuli leads to a confound between tempo and
musical key: all fast tempo songs used were also exclusively in
the major key, while all slow tempo songs were in the minor key.

Similar research exploring links between personality
questionnaire scores and preference for certain musical aspects
have been conducted, but they either used too few musical
excerpts (48 in the case of Ladinig and Schellenberg, 2012), or the
relationship between preferences and musical aspects were
confounded with familiarity (Dunn, 2009).

Importance of isolating links between specific musical features
and personality

Several information processing accounts of personality assume
that individual differences in behavior and emotionality are in
part due to dispositional factors that affect how a person
perceives the world, beyond the mere physical facts of stimuli
(e.g., Higgins and Scholer, 2008; Mischel and Shoda, 1995).
Situations are presumed to have elements that interact with
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personality to produce differential outcomes (Rauthmann, et al.,
2014). Musical stimuli are presumably not exempt from this
relation, given the role it plays in many traditional, religious,
and secular societies. To be able to describe this relationship in
a precise way would help advance the understanding of
personality and social psychology.

Although there are some existing theories regarding
aesthetic preference, such as Berlyne’s arousal-based framework
and newer cognitive appraisal approaches (Silvia, 2005), the
current study will make few theoretical assumptions and will be
more empirical and atheoretical in nature, following the
pragmatic exploratory strategy employed in the creation of the
Minnesota Multiphasic Personality Inventory (MMPI). The
MMPI is considered by many to be the gold standard for
empirically developed psychometric scales (Wiggins, 2003). By
being guided almost exclusively by the inter-correlations
between items and relevant target criteria, scales are generated
based on data rather than theory.

For our own initial exploration, instead of directly
predicting personality outcomes, we wanted to examine
whether there were any links at all between features of melodies
and personality traits and other individual difference variables,
so we tried to predict people’s responses to melodies using both
the intrinsic features of the melodies themselves, as well as how
these interacted with the individual -characteristics of
respondents.

We also want to evaluate the utility of non-self-report
assessments of preference. There is some evidence that pupil
dilation might be associated with forms of psychological
response to music, such as arousal or liking (e.g. Gingras et al.,
2015; Bianco et al., 2019; see also Laeng et al., 2016 for musical
chills), so we decided to record pupillary responses to our
melody stimuli to explore the possibility that they could provide
an independent measure of our outcome that we can use to
validate their self-rated liking for the melodic segments.

67



Philippine Social Sciences Review, Vol. 74, No. 2 (2022) | Galang, Policarpio, Xu, Nalipay & Cabredo

In the project described here, we used a decision tree
analysis method that was capable of handling multilevel data
(Fokkema, Edbrooke-Childs, and Wolpert, 2021) to predict how
positive each respondent’s rating was for each melody. Of
particular interest would be patterns that indicate interactions
between musical features and individual difference variables.

Methodology

Sample

From an initial university sample of 150, we excluded cases
where no valid data from the melody preference procedure were
recovered, and a further 5 cases based on their score on the
amusia screening test. We also excluded one case of a 60 y.o.
college instructor who indicated that they had 800 citations for
their published work, since we thought that they were a
multidimensional outlier on several counts in the context of a
mostly young adult student sample. The final sample count was
103 participants (58 females) with an average age of 19.7 years
(s.d.=1.6).

Materials and Instruments
Stimuli

We used 16 music files that were generated from an earlier study
using a digital music editor. All melodies were melodic
segments consisting of 2 measures with 4 quarter notes for each
measure (assuming a time signature 4/4).

The study focused on three musical features: pitch range
(how far apart the highest pitch was from the lowest pitch), key
or mode, and average pitch. There were 2 variants for each
feature, which when combined yields 8 versions of each melody.
Pitch range was manipulated by creating a version of the
melody whose range was restricted to within 3 to 4 half-steps,
or by creating one that was at least 5 whole steps in range, all the
while trying to maintain as much as possible the melodic
“shape”. Average pitch was manipulated by making versions 5
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half-steps apart in terms of pitch (see Figure 1). Sixteen melodies
were created by the authors, which were then manipulated
according to the 3 attributes to produce 128 melody tracks. The
data collected from the earlier study provided a preliminary
look at the predictive properties of the 16 music files with its
counterpart versions. One music file (along with its
counterparts) has subsequently been shown in previous data to
be a weak predictor due to its favorable response from a
majority of the participants and thus removed. For this study the
remaining 120 melody tracks were used.

Table 1. Variables manipulated in stimuli

Variable Variant 1 Variant 2
Pitch range Large interval Small interval
Mode Major Minor
Average pitch Higher Lower
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B. Lower pitch, minor key, short pitch interval

Figure 1. Two versions of the same basic melody segment used as stimuli.
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The musical stimuli were presented, and responses were
recorded using the Superlab stimulus presentation software
(www.cedrus.com). All participants used noise-canceling
closed-ear headphones during the procedure. For each musical
stimulus the participant decided how much they “Liked” the
melody: the participant could choose from a visual analog scale
with a range of -3 to +3, and the zero point corresponded to “I
don’t know”.

Pupillometry

We used a 30 Hz Tobii eye-tracking bar to measure pupil
dilation during the melody preference procedure. To ensure
proper capture of pupil information, a fixation point was
presented for each trial before the melody stimuli was played.
Respondents were instructed to keep their eyes on the fixation
point as they listened to each stimulus and to try to avoid
blinking. As in Gingras et al. (2015) we measured the average
pupil size 500 milliseconds before the onset of the melody to
serve as a baseline, and we then computed the average pupil size
during the melody itself. We then computed a pupil response
measure based on the proportion (i.e., in percent) by which the
baseline pupil measurement changed in response to the
stimulus (see Figure 2).

i Present Present Ask for rating
Start of trial i melody
fixation cross . of melody
stimulus
Baseline pupil Response pupil
recording recording
| J
T
Percent change Preference rating
estimate (“Liking™)

Figure 2. Diagram of trial structure for melody preference task and pupil
measurement.
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Amusia screening

There is the distinct possibility that some respondents
might have very atypical responses to musical stimuli and thus
would be in a class of their own in terms of their preferences.
This might be true for conditions such as congenital amusia
(Ayotte, Peretz, and Hyde, 2002). We therefore screened
participants on the online version of the Montreal Battery of
Evaluation of Amusia (MBEA; Pretez, Champod, and Hyde,
2003) which assigns respondents a score out of 100. There was
no definite cut-off for this instrument although Peretz and
colleagues observed that in their sample people who self-
identified as amusic got scores below 78. We opted for a slightly
less conservative threshold of 70.

Self-report measures

We administered a range of individual differences measures.
The 60-item HEXACO Personality Inventory Revised
(HEXACO-60; Lee & Ashton, 2004) is a set of self-reported trait
questionnaires intended to have a 6-factor structure. For our
study we focused on the six dimensions of Honesty-Humility,
Emotional Stability (i.e., being less perturbed by negative affect),
Extraversion (i.e., sociability and dominance), Agreeableness
(i.e., yielding to others to preserve harmony), Conscientiousness
(i.e., industriousness and orderliness), and Openness to
Experience (i.e., rich intellectual and cultural interests) as
predictors for our analyses. For our data, the MacDonald’s
omega estimates for each scale, respectively, are as follows: .82,
.83, .80, .81, .80, and .79 which suggests acceptable reliability.

The Triarchic Psychopathy Measure (TPM; Blagov,
Patrick, Oost, Goodman, and Pugh, 2016) was designed to
measure subclinical psychopathy along three dimensions: being
unrestrained by anxiety or fear and therefore prone to risk
taking (Boldness); willingness to be antagonistic (Meanness);
and being disorganized and having poor impulse control
(Disinhibition). The internal consistency of the measures of these
three dimensions was good with MacDonald’s omega estimates
as follows: .87, .88, and .84.
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The Creativity Achievement Questionnaire (CAQ;
Carson, Perterson, & Higgins, 2005) is a self-report checklist of
creative engagements and achievements on 10 different
domains. Answers on the CAQ are weighted depending on how
notable the achievement was. We used the overall score for the
whole inventory as the variable for our analyses. Because it was
a checklist that characteristically produced skewed data and
whose domain subsets were not expected to be correlated, we
did not estimate its internal consistency.

The PANAS-X (Watson & Clark, 1994) is a self-report
measure of affect. For the version we used, respondents were
instructed to self-report about their current affective states. We
intended the PANAS-X scores to provide contextual
information about states that might influence the measurement
of responses to the melody stimuli. To maximize the predictive
capacity of the PANAS-X and account for as much of the
variability in the dependent variables that was due to
momentary affective states rather than stable personality
factors, we subjected the PANAS-X data to an exploratory factor
analysis to find out which groups of items seemed to capture
substantial individual differences in affective states. Factor
analysis is a technique employed to uncover an underlying set
of domains or dimensions when given a much larger set of
observed variables (Revelle, 2015). The specific factor analytic
technique used was the minimal residual method implemented
by the “psych” package (Revelle, 2020) for the statistical analysis
software R (R Core Team, 2021). Results showed that four
dimensions seemed plausible, but we only utilized the two most
substantial components as control variables.

We also included items from the Goldsmiths Musical
Sophistication Inventory (Gold-MSI; Miillensiefen et al., 2013)
that measures the following musical experiences: years of daily
practice, hours of practice during their point of highest
engagement, years of training in music theory, number of
musical instruments they play, and the amount of time they
spend listening attentively to music. We did not include the item
on the amount of training on musical instruments they’ve had
since there was a large number of missing data points. Although
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we also asked about the musical instruments they played and
what were their favorite songs we did not include these in our
analyses.

For all internal consistency estimates we used the “psych”
package (Revelle, 2020).

MBEA
amusia
screening

Intake and
informed
consent

Melody
preference
trials

Debriefing

Self-report
measures

Figure 3. Diagram of procedure steps for each session.

Procedures

Prospective respondents were informed that the study was
about music and personality. The site for the data gathering
procedures changed across the conduct of the study and we
were not able to regulate the climate control conditions of the
rooms (we discuss the probable impact of this in the Limitations
section). Respondents also scheduled their participation at
different times in the day, and we tried to account for this by
also including time of day in the model. After an orientation
where they provided their informed consent and received their
compensation in the form of gift vouchers, the respondents first
completed the MBEA, after which they completed the self-report
section of the study. They were then presented with the melody
preference procedure, and they were led through some practice
trials before being allowed to proceed. Respondents took
around 30 minutes to complete the procedure, and there was a
5-minute break at the midpoint of the set of trials (see Figure 3).

Because of problems with the eye tracking device,
participants sampled later in the course of the project did not
have any pupil measurements associated with their sessions.
They were still included in the dataset if all their other data
points were intact.
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Analysis

In addition to the manipulated features, we also calculated the
sample (or approximate) entropy for each melody as a rough
estimate of the melody’s complexity (i.e., how unpredictably the
pitch changes). For each melody we coded each note as its
distance in half-steps above the lowest note in the melody,
which would yield a series of 8 integers. We then used the
“pracma” package in R to compute sample entropy for each
series (Borchers, 2023). Entropy estimates ranged from -0.15 to
0.24.

We chose decision tree modeling as our main analytic
approach mainly because it gave us the exploratory power of
machine learning algorithms while yielding models that were
more readily interpretable than other methods, and thus can
directly aid in theorizing and hypothesis generation (Basak and
Krishnapuram, 2005). Although decision trees techniques are
well-known as algorithmic methods for data analysis, only
lately have they been deployed with multilevel and longitudinal
data in mind. Accounting for the non-independence of outcome
measures, which is a feature of the specific decision tree package
we used and is not present in other packages, minimizes both
Type I and Type II errors, compared to other comparable
decision tree techniques.

As with other decision trees, the method implemented in
the GLMM trees package (Fokkema, Edbrooke-Childs, and
Wolpert, 2021) partitions the data set into subgroups based on
which predictor variable will maximize the difference in the
outcome variable between two groups of cases. For each
resulting subgroup, it will continue to split the cases into further
groups using statistical tests until a predetermined alpha
criterion is no longer met. What is distinctive about GLMM trees
is that the statistical test it uses to partition the data is based on
a generalized linear mixed model, which takes into account the
non-independence of cases.

While useful at generating preliminary insights into the
data, results of individual decision trees cannot be taken as
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strong evidence for a particular set of associations since it tends
to capitalize on chance findings and amplify them, whether or
not they turn out to be stable or meaningful. The unprocessed
but anonymized data (unfiltered) as well as the analysis code
can be found at https://osf.io/y5fzm.

Results and Discussion

We had a set of loose criteria for determining whether a tree was
worth interpreting from the point of view of the study
objectives. Specifically, we wanted to avoid trees that had such
a large number of nodes that generalizations become difficult to
infer. We were also more interested in trees that featured
interactions between individual difference variables and
stimulus features since these might represent the kind of stable
personal preferences we would be interested to investigate in
further studies.

In order to produce interpretable trees, we varied two
parameters. One was the alpha threshold used to make
partitions. With the default being .05, setting a smaller (i.e.,
stricter) alpha of .001 had the effect of reducing the number of
nodes, which is one of the advantages of GLMM trees using
statistical tests to make partitions (also true for similar methods,
like conditional inferences trees, such as in
Venkatasubramaniam et al., 2017). A second parameter was the
size of terminal nodes (i.e., the groups of outcomes that the tree
identified as homogenous based on the predictors). This value
can affect the resulting depth of the constructed tree, since it acts
as a stopping rule that prevents further partitions if any of the
resulting nodes become smaller than the specified threshold
(Montesinos-Lépez et al., 2022). Setting this to a minimum size
of 100 observations (as opposed to having no minimum) had the
effect of also reducing nodes and the overall depth of the tree,
again aiding in its interpretability. We emphasize that these
thresholds were chosen as heuristic values to maximize
intelligibility of the results and thus were largely subjective
choices made by the researchers.
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We produced multilevel decision tree models of
respondent ratings by entering the musical features (key, pitch
range, average pitch, entropy) as trial level predictors, and
entered the various individual difference measures (except for
the PANAS-X), survey items about their past musical training
and experience, the respondents” gender and age, as well as the
time of day when they performed the study, as person level
predictors. We also accounted for the fact that the melody
stimuli are not completely independent from each other owing
to the fact that they were produced from 15 initial melody
segments by entering this as an additional grouping variable
aside from individual persons. For the PANAS-X, we performed
principal components analysis and extracted the first two factors
as indices of positive and negative emotional states and used
them as control variables, along with self-reports given during
debriefing that indicated whether the respondent felt some
discomfort, fatigue, or sleepiness during the session (we treated
this as a dichotomous variable of “disutility”).

Alpha = .001
Min. terminal node = 100

Higher

Higher

Agreeable

Higher

Range

Lower None At least some hours Tong

Higher Lower

Figure 4. Decision tree predicting preference ratings (“liking”) using all
available valid data.
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In interpreting the results, we focus on interactions that
involve trial level stimuli features (i.e., mode, range, pitch,
entropy) and individual difference variables, since other kinds
of decision paths represent general tendencies for the average
respondent and are therefore not helpful in exploring individual
differences.

We fit models with preference ratings as the outcome and
also other models with the pupil measurements as outcome, as
a possible independent source of preference data. It became
quickly apparent that models trying to predict pupil data
resulted in extremely convoluted decision trees that defeated
our abilities to explain them. Filtering the data to only cases with
the most intact pupil measurement data (i.e., less missing data
due to failures to detect the pupil) did not lead to better models
since this also drastically reduced the sample size and thus
increased the proportion of variance due to error. In other cases,
none of the paths in the trees implied interactions between
melody features and individual differences, and so were
uninteresting as far as the objectives of this project are
concerned. Therefore, all results we report here are predicting
self-rated “liking” for melody stimuli.

The right-hand side of Figure 4 indicates a preference
among persons with higher Extraversion scores for higher
pitched versions of the stimuli (terminal node 14 vs. 16 and 17).
This might be consistent with accounts of high-pitched music as
more emotionally arousing taken together with arousal based
understandings of Extraversion (e.g., Geen, 1984). In addition,
there seems to be some discrimination between high pitched
melodies with greater pitch range and those with less range, but
the difference seems very subtle. For those with lower
Extraversion scores (left hand of the tree), those who also had
higher scores on Conscientiousness also displayed a tendency to
discriminate between low- and high-pitched stimuli with a
preference for the latter, although this seems further moderated
by whether the person has ever engaged in intensive musical
practice in the past. It is not clear however why that should be
the case, and the size of the terminal nodes indicates that this is
a set of trials associated with a small number of respondents.
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Figure 5. Decision tree predicting preference ratings (“liking”), using data
filtered on inter-item standard deviation.

We also computed a simple index of protocol quality,
inter-item standard deviation (ISD; Marjanovic et al. 2015), for
the HEXACO and TPM scales to identify cases where there
might be evidence of inattentive or random responding.
Following Marjonovic and colleagues, in the absence of more
empirically derived thresholds for our population, we used a
conventional threshold of flagging the top 5% of the sample for
each scale in terms of ISD. We then created a dataset that
excluded any respondent where 3 or more of their personality
trait scale responses exhibited ISDs in the top 5% of the sample,
and this led to 4 participants being filtered out. Figure 5 shows
the decision tree produced from this dataset. While it shares
some elements with the tree in Figure 4 especially in terms of the
role of average pitch, the traits involved are different, and it is
slightly less straightforward to interpret. The left-hand side
representing lower Boldness! scores seem to involve a non-
linear interaction in that it implies that intermediate levels of
Boldness (terminal nodes 7, 8, 10, and 11) lead to lower
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preference ratings compared to both lower or higher Boldness.
Within this set of intermediate Boldness, the only interaction
with a melody feature involved average pitch and age, and this
seemed extremely subtle. Potentially more comprehensible is
the right-hand side corresponding to higher Boldness scores
where we see a preference for higher pitched stimuli, a trend
even more accentuated in those who did not engage in much
deliberate and attentive music listening as part of their daily life.
This seems to parallel the results for Extraversion reported
above, and given the conceptual overlaps between Boldness and
Extraversion (i.e., in terms of being reward oriented and socially
dominant) this might be an encouraging trend. However, we
also see here how substantially the model changes even with just
the exclusion of 4 respondents, so again we emphasize caution
in drawing conclusions from these.

Beyond the two models shown above, other combinations
of tree parameters and data filtering choices led to trees that we
considered infeasible as far as interpretability was concerned,
usually because they contained a confusing proliferation of
nodes, or because there were no interactions between melody
features and traits.

It is important to note that although we were not
formally testing hypotheses, we did have some intuitions about
what results might emerge, partly guided by the literature but
also partly based on our own implicit theories of how musical
experience works. We largely expected that the traits that would
have the most relevance to preferences would be Neuroticism,
Extraversion, and Openness, and that pitch range and key
would interact with the first two traits, while complexity (i.e.,
entropy) would matter for the latter, and possibly also for the
measure of creative achievement. At least for our data none of
these expectations were borne out specifically, even though
Extraversion and pitch range did interact to some degree, and
instead average pitch seemed to be a melody feature with better
discriminating power.
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Limitations and future directions

During the course of data gathering, the site for the
measurement procedures had to be moved between at least two
sites owing to scheduling difficulties. It was also the case that we
had very little control over the degree of chilliness and comfort
of the rooms since climate control was being handled centrally
in the building. It was evident from debriefings that a common
complaint among participants was the cold.

Possibly even more deleterious to participant well-being
was the length of the procedures and the eye-strain that was
experienced by some as a consequence of needing to keep their
eyes unblinking for a few seconds at a time for each trial. In
conjunction with the cold, several experienced dryness of the
eyes and thus contributed to the discomfort of the situation.
Aside from possibly influencing the data and the resulting
models, this was clearly a failure on our part to anticipate the
physical conditions of our measurement sessions. A shorter
protocol, possibly achieved through a planned missing data
design, would be advisable for future investigations.

In the middle of sampling, we experienced problems
with the eye tracking device. More and more measurements
resulted in failures to acquire pupil data until the device became
unusable. This resulted in much of the later sessions not having
actual pupil measurements. To keep our procedures consistent,
we asked participants to still engage in looking at the fixation
points as if pupil measurement was being done.

Despite trying to ensure that we had a much wider
variety of stimuli than any comparable previous study that we
know of, it is still a fact that for the current project we are basing
inferences on variations on just 15 basic melodies, each of which
was only a few seconds long. Any interpretation of our results
has to be mindful that they apply very specifically to segments
of music that share characteristics with our own stimuli.
Generalizing to the wider universe of songs and compositions
found in the actual world of real music is neither plausible nor
is it the objective of this project.
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It is worth reiterating that slight changes to which cases
were filtered out of the sample had a tendency to greatly change
the models produced. Such instability is to be expected since the
sample size at the person-level was not large compared with the
trial-level data, and so we caution against overinterpretation of
these specific results. Instead, they should be taken as examples
of what might be possible in terms of future methods and
theories and these preliminary results may be used to guide the
design of further exploratory work.

Going further, beyond the specific focus of this study on
personality traits, other kinds of psychologically interesting
individual differences could be explored as potential targets of
exploration. It is quite likely that certain kinds of variation in
perceptual experience might covary with melody preferences, in
the same way that we would expect congenital amusia to
significantly affect the experience of music.

Conclusion

The results of our modeling attempts indicate that there are
plausible links between psychological individual differences
and preferences for specific melodic features within our sample
of stimuli. It was perhaps slightly surprising to us that this was
mainly driven by average pitch, but this seems to bear out
debriefing reports from our pilot experiments where
participants claimed to have a preference for the higher pitched
melodies. It seems reasonable to suppose that differential
preferences regarding simple melodic stimuli are driven partly
by variation in previous experiences with musical works and
also by more basic perceptual sensitivities for especially
meaningful sound profiles. For example, it is possible that
perceived emotion in music parallels the detection of emotion in
human voices (Juslin and Laukka, 2003) such as the association
of high pitch with the perception of positive affective content
(Friedman et al., 2018). Since Extraverts are thought to be
sensitive to potentially positive stimuli because they might
signal reward (Corr, 2004), they might also have a stronger
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preference for higher pitched melodies (while low Extraversion
persons would possibly be indifferent). Still, while the
personality traits observed to be related to pitch preference
seems to make some theoretical sense, it is best to refrain from
overinterpreting this for now. Nevertheless, we believe that our
demonstration should provide ample motivation for continuing
this line of investigation, given the possible theoretical and
practical outcomes that might be produced.

Notes

It is also worth pointing out terminal node 12.
Although this represents a small minority of trials, it might warn
researchers off from conducting similar procedures in the
evening.
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