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Abstract

Research over the past decade has shown that various personality traits are communicated through musical preferences.
One limitation of that research is external validity, as most studies have assessed individual differences in musical
preferences using self-reports of music-genre preferences. Are personality traits communicated through behavioral
manifestations of musical preferences? We addressed this question in two large-scale online studies with demographically
diverse populations. Study 1 (V = 22,252) shows that reactions to unfamiliar musical excerpts predicted individual
differences in personality—most notably, openness and extraversion—above and beyond demographic characteristics.
Moreover, these personality traits were differentially associated with particular music-preference dimensions. The
results from Study 2 (V= 21,929) replicated and extended these findings by showing that an active measure of naturally
occurring behavior, Facebook Likes for musical artists, also predicted individual differences in personality. In general,
our findings establish the robustness and external validity of the links between musical preferences and personality.
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With the proliferation of Internet-based services for
sharing and streaming music on demand, personalized
music is becoming a more central and prominent fixture
in many people’s lives. This increase coincides with a
growing interest in understanding the psychological
basis of musical preferences. Over the past decade,
several studies have investigated individual differences
in musical preferences with the aim of identifying its
structure and psychological correlates. In general, these
investigations offer promising evidence that musical
preferences can be reduced to and conceptualized by
a few broad dimensions and that various aspects of
musical preferences are associated with individual dif-
ferences in a range of psychological variables.
Informed by theory and research on person-environment
interactions, a number of studies have examined asso-
ciations between musical preferences and personality
(e.g., Greenberg, Baron-Cohen, Stillwell, Kosinski, &

Rentfrow, 2015; Greenberg et al., 2016; Langmeyer,
Guglhor-Rudan, & Tarnai, 2012; Miranda & Claes, 2008;
Rentfrow & Gosling, 2003; Schifer & Mehlhorn, 2017).
The motivation for these studies has been to develop
and test the hypothesis that individuals are drawn to
musical styles that satisfy and reinforce their psychologi-
cal needs. The results suggest, for example, that people
who have a need for creative and intellectual stimulation
prefer unconventional and complex musical styles, and
that people who are sociable and enthusiastic prefer
musical styles that are energetic and lively (Rentfrow &
Gosling, 2003).
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Although the results from studies on the links
between musical preferences and personality generally
converge, past research suffers important limitations.
One limitation concerns the way in which musical pref-
erences are measured. The most common method for
assessing musical preferences relies on self-reported
preferences for musical genres (e.g., classical, rock, rap,
etc.), treated as proxies for musical preferences. This
is problematic for three reasons. First, there is no con-
sensus about which genres to measure, with studies
employing from a few to over 30 genres and subgenres
(e.g., George, Stickle, Rachid, & Wopnford, 2007; Yeoh
& North, 2010). Second, participants may differ in their
definitions and interpretations of what type of music
different genres represent, which in turn might add
undesirable noise to the measurement of their musical
tastes. Third, it is not clear to what extent findings from
survey studies represent the actual preferences and
behaviors of the participants in the real world.

Another limitation of past studies is their reliance on
samples of college students (e.g., Brown, 2012; George
et al., 2007; Langmeyer et al., 2012; Palmer & Griscom,
2013; Rentfrow & Gosling, 2003; Vuoskoski & Eerola,
2011). As music is particularly important to young peo-
ple (Bonneville-Roussy, Rentfrow, Xu, & Potter, 2013)
and their peer-group relations (Delsing, ter Bogt,
Engels, & Meeus, 2008), college students may report
stronger preferences for musical genres that are popular
among their peers, due to social desirability.

To overcome these limitations, we conducted two
studies investigating whether the links between musical
preferences and personality generalize across different
assessment methods and across age-diversified samples.
Our primary objective was to determine whether indi-
vidual differences in the Big Five personality domains
can be predicted from musical preferences. In Study 1
we used a machine-learning “predictive” approach
(Yarkoni & Westfall, 2017) to examine whether partici-
pants’ preference ratings following active listening to
novel musical stimuli can be used for out-of-sample
predictions of their personalities. Study 2 replicates and
extends Study 1 using an ecologically valid behavioral
measure of musical preferences: Facebook Likes of
musical artists.

Study 1: Preferences for Novel Music
Following Active Listening Predict
Personality

Method

Participants. We used data from a sample of 22,252
MyPersonality users from 153 different countries.! The
majority of the participants self-reported gender (n =

20,770; 62% female); about half reported their age (2 =
10,414, median = 22, interquartile range = 7), 45% of
which reported being over 22 years of age, the typical
age of a college graduate in the United States. Among
17,988 users who reported their geographical location,
25% (n = 4,517) lived in countries other than the United
States, United Kingdom, or Canada. All respondents re-
ceived feedback about their musical preferences (accord-
ing to the MUSIC model, further details below) and their
Big Five personality traits following the questionnaire.
The study’s sample included all MyPersonality users who
(a) completed a Big Five personality questionnaire and
(b) completed at least one music-preference survey (fur-
ther details below).

Personality. Respondents’ personality profiles were esti-
mated using the International Personality Item Pool (IPIP)
questionnaire measuring the five-factor model of person-
ality (20-100 items long; Goldberg et al., 2000).

Musical preferences. Preferences for Western music can
be reduced to a few dimensions (Colley, 2008; George
et al., 2007; Rentfrow, Goldberg, & Levitin, 2011; Rentfrow
et al., 2012; Rentfrow & Gosling, 2003; Rentfrow,
McDonald, & Oldmeadow, 2009; Schifer & Sedlmeier,
2009). Analyses of the psychological, social, and auditory
characteristics of the dimensions suggests they can be
defined as mellow, unpretentious, sophisticated, intense,
and contemporary (MUSIC). The mellow dimension
represents music that is romantic, relaxing, and slow, and
comprises soft rock, R&B, and adult contemporary musi-
cal pieces. The unpretentious dimension represents
music that is uncomplicated, relaxing, and acoustic, and
comprises country, folk, and singer/songwriter pieces.
The sophisticated dimension represents music that is
inspiring, complex, and dynamic, and comprises clas-
sical, operatic, world, and jazz pieces. The intense dimen-
sion represents music that is distorted, loud, and aggressive,
and comprises classic rock, alternative rock, punk, and
heavy metal pieces. The contemporary dimension repre-
sents music that is percussive, electric, and not sad, and
comprises rap, electronic dance music, Latin, and Euro-
pop pieces. Recent work indicated that the MUSIC model
accounts for 55% to 59% of the variance in preferences for
Western music (Bonneville-Roussy et al., 2013; Rentfrow
et al.,, 2011; 2012).

We estimated musical preferences using surveys
designed according to the five-factor MUSIC model
(Rentfrow et al., 2011; 2012).? Each survey comprised
25 different 15-s musical excerpts, with five excerpts
representing each factor. Overall, there were six differ-
ent musical surveys (Rentfrow et al., 2011; 2012). Two
surveys (Mix_A, n = 17,904; Mix_B, n = 10,840) con-
sisted of excerpts from a multitude of genres and
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subgenres, the copyrights of which were purchased
from Getty Images; thus, it was unlikely that participants
had previous exposure to them. Four other surveys
included commercially released music by known artists,
of which two surveys consisted of only rock excerpts
(Rock_A, n = 2,758; Rock_B, n = 1,748), and two surveys
included only jazz excerpts (Jazz_A, n = 1,590; Jazz_B,
n = 8,887). All of the excerpts were used as stimuli that
represent the five-factor MUSIC model in previous
work.? Each participant was assigned to one of three
conditions (mix, jazz, rock) and took its corresponding
survey “A.” Then, participants were given the oppor-
tunity to take the second survey (“B”), always in the
same condition as survey A. Surveys with missing
responses were excluded from further analysis.

Prediction algorithm. For each of the Big Five person-
ality traits, we conducted out-of-sample predictions based
on (a) preference ratings for the 25 musical excerpts, (b)
survey responses plus gender and age, (¢) gender and
age alone. Predictions were carried out using the follow-
ing nested cross-validation procedure:*

1. We randomly split the entire data set into 10
groups of participants.’

2. For each of the 10 holdout groups, we trained a
linear model to predict each of the Big Five per-
sonality traits by fitting a linear regression with
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a least absolute shrinkage and selection operator
(LASSO) penalty to the remaining 90% of the data
(Camerer, Nave, & Smith, 2017; Tibshirani, 1996).
The tuning parameter A was optimized via 10-fold
cross-validation (Stone, 1974), performed within
each training set.®

3. Using that trained model, we conducted out-of-
sample predictions for the remaining 10% of the
data (i.e., the holdout group). We estimated the
predictive accuracy by calculating the Pearson’s
correlation between the actual and predicted
personality-trait scores.”

Results

Preferences for novel music predict personality
traits. Here, we report personality predictions based
on the responses to the survey with the largest number
of responses, Mix_A (n = 17,904), and discuss further
replications in the section that follows. The results are
summarized in Figure 1 and Table 1. For all the personal-
ity traits, we found reliable correlations between the
music-based personality predictions and the actual traits
(all ps < .001). The highest correlation was observed for
openness, 1(17904) = .25, 95% confidence interval (CI) =
[.23, .26]; followed by extraversion, 7(17902) = .16, 95%
Cl = [.14, .17]; agreeableness, n(17903) = .15, 95%
CI = [.14, .17]; neuroticism, 7117905) = .12, 95% CI = [.10,

I Music

I Music, Gender, Age
[ Gender, Age

1 M, g, Gender, Age

-0.05*-

Fig. 1. Correlations between music-preference-based Big Five personality predictors (out
of sample) and actual personalities, Test A ( = 17,904). Error bars denote 95% confidence
intervals. O = openness to experience, C = conscientiousness, E = extraversion, A = agreeable-
ness, N = neuroticism, M = mean liking rating, g = general liking factor.



“Arerodwoyuod pue ‘asuaur ‘pareonsiydos ‘snonusierdun ‘mofew = DISNN “SUnNeI SUTYI] UB2W = Jy ‘J0I0E] SUII] [BIU8 = § TEAIOIUT 2DUIPHUOD = [D) 210N

(ordures o8y

¢

100" > [STOT'] ¢T°  €€6°L 100" > [61 ‘STl LI 00I‘8 100" > [0T ‘STl LI 6608 T00 > [ZT° ‘8071 OT° 00T'8 100" > [9Z° ‘T¢’] % 00I'8  + IOpuaD) DISAN
28y

100> [8T" %11 9I° €€6°L 100 > [8T ‘ST ST 0018 T00 > [ZT° ‘071 OT° 6608 100 > [LT' ‘ST 1 ST° 001'8 100 > [8T° %1 OI° 00I'S  +I9pUaD + 35 + W

100" > [ZT €T7] ST €€6°Z 100" > [80° ‘%01 90" 00I'® ¢k  [10° ‘¢0-] TO— 6608 100 > [T ‘TT] €I° 00I'8 €TI0 [SO° ‘1O €00 00I‘8 28V + 1opuan
23y

100" > [1Z° OT'] 6T €€6°L 100" > [0Z OT'] 8I° 00I‘8 100 > [61 ‘STl LI° 6608 T00 > [8T $T1 9T° 0018 100" > [LT ‘€] ST 0018  + IOPUSD + dISny

100" > [€1°°0T] 210 HLIZT TO0 > [LT° %T1 SI°  €O6°LT 100" > [LT° %11 O  ZOG'LL TO0 > [ST° ‘0T IT° ¥%0G'LT 100" > [9T ‘€T] ST ¥06'LT DISNIN

d D %S6 4 N d D%6 4 N d 1D %56 4 N d 1D %S6 4 N d D %6 4 N [oPOIN

WSTONOINON SSOUD[(BIITY UOISIOABIXH SSOUSNONUIIOSUO)) ssouuadQ

(UOTIEWIOJU] JOPUIDH

pue 28V YNM 0018 = U ‘F06°LT = U) V XIN 1S9, ‘Sie1], 9AL] 31g [V J0j ‘(e1dwies Jo InQ) s10101paid AN[BUOSIDJ PISBY-I0UDIDJIJ-[BIISNA JO ADBINDOY 2AIDIPAIJ °T d[qElL

1148



Musical Preferences Predict Personality

1149

.13]; and conscientiousness, 117174) = .11, 95% CI = [.10,
.13]. The music-based predictors of openness, extraver-
sion, and agreeableness were significantly better than a
baseline model that predicted personality solely using
gender and age—we rejected the null hypothesis of
equality in out-of-sample predictive accuracies at the p <
.01 level, Steiger’s z test (Steiger, 1980).% Adding musical
preferences to the baseline model (gender and age) sig-
nificantly increased the predictive accuracy for all of the
Big Five traits (all ps < .012, Steiger’s z test). To put these
results in perspective, knowledge of one’s musical prefer-
ences reveals nearly as much about their personality trait
of openness as their behavior at work reveals to a work
colleague; for the remaining traits, predictive accuracy
ranged between 41% (conscientiousness) and 66% (neu-
roticism) of a colleague’s accuracy (Youyou, Kosinski, &
Stillwell, 2015).

These results indicate that preferences for short musi-
cal excerpts contain predictive information about per-
sonality traits. However, they do not allow us to tease
apart whether this information arises from our partici-
pants’ unique musical tastes (represented by the liking
of individual excerpts) or from their tendencies to like
music in general. To further investigate this issue, we
constructed, for each of the Big Five traits, an additional
“general baseline model” that included (a) participants’
general evaluative tendencies (i.e., mean preference rat-
ing from all the musical pieces), (b) a general music-
liking factor, calculated by fitting a bifactor model
(Reise, Moore, & Haviland, 2010) to the liking ratings,®
and (¢) gender and age.

Contrasting the predictive accuracies of the model
that includes responses to individual survey items, gen-
der, and age (Table 1, Row 2) with the general baseline
model (Table 1, Row 4) allowed us to disentangle the
predictive accuracies arising from specific versus gen-
eral musical preferences. We find that the additional
predictive accuracies obtained by including the indi-
vidual survey responses (above the general baseline
model) was highest for openness (Ar=.09, 55% increase)
and extraversion (Ar = .08, 79%). However, they were
less pronounced for the three other traits (Ar= .03, 17%
for neuroticism, Ar = .02, 15% for agreeableness, and
only Ar = .01, 7% for conscientiousness).!® Thus, both
specific and general musical preferences underlie the
capacity to predict personality from musical preferences,
where the former play a substantial role for the cases
of openness and extraversion, and the latter underlie
the capacity to predict the other three traits.

Finally, we explored the generalizability of our find-
ings to two subpopulations that are typically under-
represented in laboratory studies conducted in college
students. First, we found that all of the results held
when limiting the estimates of predictive accuracy to

participants who self-reported residing outside the
United States, United Kingdom, or Canada (nz = 1,590,
see the Supplemental Material): Adding musical prefer-
ences significantly increased the predictive accuracy of
the baseline model that included only age and gender
in this subpopulation (for neuroticism p = .039, for all
other traits p < .01, Steiger’s z test). The results held
when restricting the analyses to participants that self-
reported being over 30 years of age (n = 1,528, see the
Supplemental Material): Adding the musical preferences
survey increased the predictive accuracy of the baseline
demographic model for all traits (openness, extraver-
sion, and agreeableness: p < .01; for conscientiousness
p = .047; for neuroticism p = .060, Steiger’s z test).

Replication across tests and genres. To evaluate the
robustness of the predictive accuracy results, we carried
out the same analyses again for the other five musical
preferences surveys. It is important to bear in mind that
the sample sizes for these surveys were significantly
smaller (between 5% and 45% of Mix_A’s sample size),
and therefore (a) predictive accuracy was expected to
decline, as the models’ parameter estimates were less
stable, and (b) the capacity to detect effects decreased
due to reduced statistical power, especially for the traits
for which the associations between preferences and per-
sonality were expected to be smaller (conscientiousness
and neuroticism).

The results are summarized in Figure 2 and the Sup-
plemental Material. The most similar replication used
survey Mix_B, which was taken by a subpopulation
(about 45%) of Mix_A respondents, and, like Mix_A,
consisted of excerpts from multiple genres. The predic-
tive accuracies of the models trained using Mix_B were
significantly greater than zero (all ps < .001), and their
point estimates were greater than the lower bounds of
the 95% CIs of the predictive accuracies obtained from
Mix_A responses, for all of the Big Five traits. Further-
more, adding Mix_B survey responses to the baseline
demographic model (constructed from age and gender)
significantly improved the predictive accuracies for
openness, extraversion, and agreeableness (p < .001,
Steiger’s z test), providing a successful replication of
survey Mix_A for these traits. For neuroticism, the
improvement was marginally significant (p = .11), and
for conscientiousness we did not detect a reliable
improvement (p = .47).

Next, we repeated the analyses for the rock and jazz
surveys. These surveys were designed to capture the
dimensions of the MUSIC model, while containing
excerpts from exclusively one genre. For the two rock
surveys (Rock_A, n = 2,758; Rock_B, n = 1,748) the
predictive accuracies of all 10 models (five personality
traits, two surveys) were reliably greater than zero (all
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Fig. 2. Correlations between music-based Big Five personality predictors (out of sample)
and actual personalities across tests and genres. Error bars denote 95% confidence intervals.
O = openness to experience, C = conscientiousness, E = extraversion, A = agreeableness, N =

neuroticism.

ps < .01), and adding the responses for these musical
surveys to the baseline model (gender and age)
increased the predictive accuracy of the models for all
traits except neuroticism (openness, extraversion, and
agreeableness: p < .01; conscientiousness: p < .10).

The models using responses to Jazz_A (n = 1,590)
had statistically significant predictive accuracies (p <
.01) for all traits except extraversion. Adding the
responses for these musical surveys to the baseline
model (gender and age) increased the predictive accu-
racy of all traits, though the improvement was not sta-
tistically significant, perhaps due to the small sample.
For Jazz_B (the smallest survey, n = 887) we detected
a reliable predictive accuracy only when predicting
openness (p < .001), and marginally significant (p < .10)
predictive accuracies for agreeableness and neuroti-
cism, likely because the small sample (about 20 times
smaller than Mix_A) might have been insufficient for
model training.

Robustness of the five-factor MUSIC model in a large
diverse sample. Apart from examining the capacity to
predict personality from liking of music, our data pro-
vide a unique opportunity to estimate the robustness
of the five-factor MUSIC model (Rentfrow et al., 2011;
2012), and the capacity of our musical surveys to capture
it. To do this, we subjected the survey responses of the

participants who answered both surveys A and B of the
mixed genre excerpts (i.e., Mix_A and Mix_B, n = 10,840)
to principal component analysis (PCA).!! Investigating
the projections of the different musical excerpts onto
each of the principal components revealed that each
group of excerpts, that was selected a priori to represent
a MUSIC dimension, mapped into a unique principle
component, for which the average projection was an
order of magnitude greater than the projection onto the
four other components (Table 2, see the Supplemental
Material for projections of individual excerpts). Further,
the first five principal components explained 59% of the
variance in the data (see the Supplemental Material). Sim-
ilar results were obtained for the responses to the jazz
and rock surveys, and are published elsewhere (Rentfrow
et al., 2012).

As the musical surveys used by the current investiga-
tion were specifically designed to capture the MUSIC
model, examining these results in isolation would not
allow concluding that all types of Western music are
captured by the five-factor framework. However, it is
important to keep in mind that the MUSIC model was
originally constructed based on exploratory research that
used a wide variety of musical pieces that are different
from the ones used in the present research (Rentfrow
et al., 2011). The current results corroborate that the
MUSIC model is a robust framework for organizing
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Table 2. Average Loadings of the Excerpts’ Liking Ratings on the First
Five Principal Components of the Data

A priori MUSIC factor F1 F2 F3 F4 F5

Mellow .024 .005 .049 .020 -.241
Unpretentious .024 012 272 -.016 -.017
Sophisticated 284 —-.004 -.003 .001 -.008
Intense -.003 .308 —-.002 .001 -.003
Contemporary .014 .007 -.004 .288 -.025

Note: Each row represents the 10 excerpts from surveys Mix_A and Mix_B that
represented a priori each of the five MUSIC dimensions.

individual differences in preferences for music, and
demonstrate its generalizability to a large and diverse
population.

Links between the Big Five and MUSIC dimensions. The
results indicate that the MUSIC model can be recovered
from preference ratings for novel musical stimuli and that
personality traits can be predicted from these ratings. We
now turn to investigate whether, and to what extent, sys-
tematic associations between the Big Five and prefer-
ences for specific MUSIC dimensions exist.

In order to tease apart the different MUSIC compo-
nents from general liking tendencies, we performed a
bifactor analysis on the individual responses to survey
Mix_A. The analysis resulted in five factors that cap-
tured the (defined a priori) MUSIC dimensions, as well
as a general liking factor (see Table 3). We then calcu-
lated the partial-correlation between the Big Five traits
and the projections of participants’ preferences on (a)
the general liking factor and (b) the lower dimensions
capturing the MUSIC dimensions. These partial correla-
tions controlled for gender and age, and for the low-
order MUSIC dimensions they also controlled for the
general liking factor.

The results are summarized in Table 4 and show that
two personality traits are associated with preferences
for specific MUSIC dimensions, above demographics
and the general liking tendency. In particular, openness
is associated with greater liking of sophisticated music,
n(8097) = .16, 95% CI = [.14, .18], p < .001, and less
liking of mellow, 7(8097) = —-.12, 95% CI = [-.10, —.14],

p < .001, and contemporary music, {8098) = —.11, 95%
CI =[-.09, —.13], p < .001, where extraversion is associ-
ated with preference for unpretentious music, 18096) =
.13, 95% CI = [.11, .15], p < .001. Openness and extra-
version are also associated with general liking of
music—openness, 1(8098) = .14, 95% CI = [.12, .16],
P <.001; extraversion, {8097) = .10, 95% CI =[.08, .12],
p < .001. For the remaining three traits, none of the
specific correlations exceeded r = .06, and agreeable-
ness was the only trait associated with general liking
of music H8098) = .14, 95% CI = [.12, .106], p < .001.

We further explored the links between personality
and preferences for the individual excerpts representing
the MUSIC dimensions in all of the six musical surveys,
by estimating the univariate correlations between
responses to the different survey questions (i.e., specific
excerpts) and personality traits. In Figure S2 in the Sup-
plemental Material, each 6 x 5 framed square represents
a different combination of a Big Five trait (row) and a
MUSIC factor (column). For example, the top-left square
represents the correlations between openness and the
different excerpts capturing the Mellow dimension. Each
row within this square represents one of the six different
surveys, and contains the five different excerpts that
correspond to the Mellow factor in the survey.

Several patterns emerge in the correlation map. Most
notably, the correlations are typically small in size (none
was greater than » = .21), and are positive for all of the
traits except neuroticism. In line with the partial correla-
tions reported above (for survey Mix_A), openness most
strongly correlated with liking the sophisticated excerpts,

Table 3. Average Loadings of the Excerpts’ Liking Ratings on the General Factor and
the First Five Principal Components of the Data, Extracted Using a bifactor Model

A priori MUSIC factor General F1 F2 F3 F4 F5

Mellow .625 -.029 -.007 .061 062 312
Unpretentious 366 .082 —.069 472 -.121 —.146
Sophisticated 463 -.013 579 —.041 -.025 —-.073
Intense .075 .786 -.009 .015 -.008 —.005
Contemporary 439 .004 -.004 -.012 .588 -.008

Note: Each row represents the five excerpts from survey Mix_A that represented a priori each of the

five MUSIC dimensions.
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Table 4. Partial Correlations Between the Big Five Traits and the General Music-Liking Factor as Well as the
Lower-Order MUSIC Dimensions, Extracted by Performing a bifactor Model on the Responses to Survey Mix_A

Trait General Mellow Unpretentious Sophisticated Intense Contemporary
Openness to experience 14 -12 -.02 .16 .07 =11
Conscientiousness .06 .05 .02 -.03 -.02 .00
Extraversion .10 -.05 13 -.06 .00 -.01
Agreeableness 14 .06 .00 -.06 .00 .02
Neuroticism -.06 .03 -.06 .02 .04 .00

Note: The correlations control for gender and age, and for the lower dimension they also control for the general factor.

and extraversion was most strongly correlated with
evaluating the unpretentious excerpts more positively.

Study 2: Musical Facebook Likes
Predict Personality Traits

The results from Study 1 indicated that preferences for
unfamiliar musical stimuli contain some valid informa-
tion about personality. The aim of Study 2 was to rep-
licate and extend these results to real-world behavior
by investigating whether naturally occurring statements
of musical preferences, as represented by Facebook
Likes of musical artists, also predict personality traits.
The Like feature is a mechanism used by Facebook
users to publicly express their positive association with
online content, by generating a digital record that is
accessible to their friends, Facebook, software develop-
ers who provide services to users, as well as outside
parties, including governments and industries. Face-
book Likes represent a very generic class of digital
records, similar to Web search queries or credit card
purchases, and are used to signal positive associations
with many different types of content, including photos,
friends’ status updates, and Facebook pages of prod-
ucts, sports, books, restaurants, popular websites, and
musicians. There is evidence that Facebook Likes, in
general, contain information about many personal attri-
butes, from religiosity and political views to sexual ori-
entation and personality (Kosinski, Stillwell, & Graepel,
2013). However, that work examined Likes in general,
irrespective of content, so it is not clear whether Likes
for specific types of content are reliably associated with
personality.'? Thus, Study 2 not only evaluated the gen-
eralizability of Study 1 to behavioral indicators of musi-
cal preferences, but it also examined whether, and to
what extent, Likes of musical artists alone betray infor-
mation about the personalities of Facebook users.

Method

Participants. We used data from a sample of 21,929
MyPersonality users (65% females), with a median age of
21 (interquartile distance = 5).13 The study included all of

the participants in the MyPersonality database who (a)
completed a Big Five personality questionnaire, (b) had
at least 20 “Likes” of musical artists that were used for
personality prediction (further details below), and (c)
shared information about their age and gender.

Personality. Study 2 used the same IPIP measure described
in Study 1 (Goldberg et al., 2006).

Musical Facebook Likes. In order to focus our analysis
on the predictive power of musical artist Likes, we first
filtered out all the Likes that were not categorized by
Facebook as music-related. We then searched all of the
remaining Likes in EchoNest (http://the.echonest.com), a
major online musical database containing over 3 million
artists, and excluded all Likes that did not appear in the
database. Next, we excluded all users that had fewer than
20 Likes and included only artists that had at least 20
Likes." This resulted in a large, sparse logical matrix Z, in
which each row 7 represented a participant and each col-
umn ¢ represented an artist, such that Z(7,¢) equals 1 if
participant r likes artist ¢ and 0 otherwise. The matrix L
has dimensions 21,929 (users) x 62,036 (artists).

Prediction algorithm. For each of the Big Five per-
sonality traits, we conducted three out-of-sample predic-
tions on the basis of (a) the musical Likes matrix; (b) the
Likes matrix, gender, and age; and (¢) gender and age
alone.

Predictions were carried out using the following
procedure:

1. We randomly split the participants into 10
groups, in a similar fashion to Study 1.

2. For each of the 10 holdout groups, we reduced
the dimensionality of the liking matrix L to N
users x 500 by performing sparse singular value
decomposition (SVD) on the remaining 90% of
the data.

3. For each of the 10 holdout groups, we trained a
linear model to predict each of the Big Five
personality traits, by fitting a linear regression
with a LASSO penalty to the remaining 90% of
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the data. The tuning parameter A was optimized
via 10-fold cross-validation, performed within
each training set, in a similar fashion to Study 1.
All of the independent variables were standard-
ized prior to model training, as penalized regres-
sion models (such as LASSO) are sensitive to the
scale of the inputs.

4. Using the trained model, we conducted out-of-
sample prediction on the 10% of the data that
comprised the holdout group.'> We estimated
the goodness of fit by calculating the Pearson’s
correlation between the actual and predicted
personalities.

Results

Musical Facebook Likes predict personality traits.
The results are summarized in Figure 3 and Table 5. We
found reliable correlations between the music Likes-
based personality predictors and all of the Big Five per-
sonality traits all ps < .001). As in Study 1, the highest
predictive accuracy was for openness, 121929) = .30,
95% CI = [.29, .31], followed by extraversion, 121929) =
21, 95% CI = [.20, .22]; conscientiousness, 121929) = .19,
95% CI = [.17, .20]; neuroticism, 1(21929) = .18, 95% CI =
[.17, .20]; and agreeableness, 17(21929) = .17, 95% CI =
[.15, .18]. To put our results in perspective, the predictive
accuracy of the music Likes-based model for openness
and neuroticism was roughly the same as a personality
prediction made by a coworker. For the other traits,
accuracy ranged between 55% (agreeableness) and 77%

0.35

0.25

Correlation (r)

0.05 -

(conscientiousness) of the accuracy of a work colleague’s
prediction (Youyou et al., 2015).

For all the traits, the musical Likes-based predictors
were substantially more accurate than the baseline
demographic model (all ps < .001, Steiger’s z test). Add-
ing Likes to the baseline model significantly improved
the results for all traits but neuroticism (see Figure 3;
all ps < .001, Steiger’s z test).!® For neuroticism, the
predictive accuracies of the Likes-based model and the
demographic model were similar, suggesting that the
former model’s predictive accuracy stems from informa-
tion that is also captured by age and gender.

Personality inferences based on Facebook Likes were
more accurate, on average, compared to inferences
based on active listening. As Facebook Likes contain
meta information about the performing artist that goes
beyond the pure auditory content, this finding is some-
what unsurprising. However, this finding should be
interpreted with caution, as we cannot rule out the
possibility that other factors, which are not directly
related to metadata (e.g., differences in measurement
error between these two types of variables), underlie
the differences in predictive accuracy between the
models."”

The results indicate that Facebook Likes of musical
artists carry personality-relevant information. However,
they do not allow us to tease apart the different con-
tributions of particular musical tastes (i.e., liking of
specific artists) from more general tendencies, such as
a general tendency to like musical Facebook pages
(e.g., high-openness individuals tend to like more

B Likes

I Likes, Gender, Age

I Gender, Age

1 Number of Likes, Popularity, Gender, Age

0 C

L L)

N

Fig. 3. Correlations between Facebook music Likes-based Big Five personality predictors (out of sample) and actual per-
sonalities (N = 21,929). Error bars denote 95% confidence intervals. O = openness to experience, C = conscientiousness,

E = extraversion, A = agreeableness, N = neuroticism.
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artists), or an inclination to like popular pages (e.g.,
agreeable individuals tend to like artists that are liked
by others). To investigate this issue, we constructed an
additional “general baseline model,” predicting each of
the Big Five traits, using (a) number of Likes, a single
scalar variable denoting the total amount of musical
artists that each participant liked; and (b) popularity
score, a scalar variable denoting the average popularity
across all artists liked by the user, such that popularity
was defined as the logged number of Likes that an artist
had across the study’s participants, normalized by the
total number of users; and (¢) gender and age.

Contrasting the predictive accuracies of the model
that include individual Likes, gender, and age (Table
5, Row 2) with the general baseline model (Table 5,
Row 4) allowed us to disentangle the predictive accu-
racies arising from specific, versus general, musical-
liking tendencies. We found that the additional
predictive capacities obtained by including the indi-
vidual Likes were substantial for four of the traits. For
openness, we found Ar = .20 (200% increase), followed
by extraversion (Ar = .15, 260%), agreeableness (Ar =
.12, 240%), and conscientiousness (Ar = .07, 70%). The
increase was not pronounced for neuroticism (Ar < .01,
only 2%).'"® In conclusion, the majority of predictive
personality information can be attributed to individual
Likes rather than general tendencies, with the excep-
tion of neuroticism.

Discussion

Recent research has suggested that individual differ-
ences in musical preferences and personality traits are
linked. Using a diverse sample composing tens of thou-
sands of participants, we corroborated these findings
and further extended them in four important ways.

First, our results show that affective reactions to 15-s
excerpts of novel musical pieces, which lacked metadata
information (e.g., artist name), are sufficient for predict-
ing individual differences in personality. This finding
replicated across and within genres, and demonstrates
that preferences for the musical content itself, rather than
the name of the artist, or a genre, contains sufficient
information for personality inference.

Second, our study corroborates the MUSIC model’s
capacity to capture individual differences in preferences
for Western music in a large and diverse population.
Extensive research and discussions devoted to estimat-
ing the replicability of laboratory experiments in psy-
chology, and social sciences in general, have highlighted
the critical importance of replication efforts (Camerer
et al., 2016; Carter & McCullough, 2014; Lane, Luminet,
Nave, & Mikolajczak, 2016; Nave, Camerer, & McCullough,
2015; Nosek et al., 2015; Open Science Collaboration,

2015; Simons, 2014). Our results show that the five-
factor MUSIC model is highly replicable, providing a
solid foundation for the future investigations of musical
preferences and their links with other psychological
constructs.

Third, we find that preferences for specific dimen-
sions of the MUSIC model are associated with two of
the Big Five traits. Preferences for sophisticated musical
excerpts were related to openness to experience,
whereas preferences for unpretentious excerpts were
associated with extraversion.

Fourth, the present research helps to establish the
external validity of the link between musical prefer-
ences and personality by showing that personality
traits can be reliably predicted both from liking rat-
ings that follow actual listening and also from digital
records of naturally occurring, real-world behaviors.
Previous research has shown that personality can be
inferred from Facebook Likes in general (Kosinski
et al., 2013), yet the mechanisms at work are poorly
understood. Here, we have shown that focusing on
musical preferences alone reveals valid information
about users’ personalities. With the growing presence
of services for streaming and sharing music online, this
finding has direct implications for the music industry,
recommendation algorithms, and marketing practitio-
ners (Bruner, 1990; Matz, Gladstone, & Stillwell, 2016;
Matz, Kosinski, Nave, & Stillwell, 2017; Ogden, Ogden,
& Long, 2011).

Our study has several important limitations, leaving
open questions for future research. First, while our
results demonstrate that musical preferences carry per-
sonality information that goes beyond age, gender, and
general liking tendencies, we recognize that there are
likely other unmeasured person-level variables (e.g.,
geolocation, socioeconomic status, culture, and prefer-
ences for different leisure activities) that would capture
at least some of this incremental variance. Moreover, our
results are correlational, and therefore cannot address
questions of causality. For example, it is possible that
common environmental factors (e.g., peer influence)
influence both personality and musical preferences.

Second, although Facebook Likes are active, natu-
rally occurring behaviors, they do not automatically
reflect what music people actually listen to. Moreover,
Liking an artist might be driven by factors other than
musical taste, such as peer influence or self-image. The
increasing use of music-streaming services (e.g., Last
FM, Spotify) is expected to allow further investigations
of the links between personality and active ecologically
valid music listening behavior.

Third, although our study generalizes previous find-
ings to populations that are beyond college students,
our sample is composed of Facebook users. It is thus
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an open question whether our findings generalize to
populations that are not represented in the current
work, such as non-Western societies (Henrich, Heine,
& Norenzayan, 2010). Moreover, the musical pieces used
in Study 1 were entirely Western in origin, so for now
the conclusions we can draw from the current findings
are restricted to predominantly Western societies.

Finally, while our data-driven predictive analyses pro-
vide strong evidence supporting the link between musi-
cal preferences and personality, the results call for further
development of theoretical models for identifying the
mechanisms at work. One such candidate mechanism is
based on self-identity motives (Abrams, 2009). That is,
people are drawn to musical styles that validate their
self-perceptions and convey that information to others
(e.g., listening to avant-garde music can serve to simul-
taneously reinforce and communicate the belief that one
is creative and unconventional). A second mechanism is
based on emotion regulation (Saarikallio & Erkkila,
2007). That is, people prefer styles of music that reinforce
their mood or emotional state (e.g., listening to uplifting
music may help to maintain a positive mood). A third
possible mechanism is based on activity congruence, or
the idea that people prefer auditory content that comple-
ments the activities they regularly pursue. For example,
fast and upbeat music complements various energetic
activities, from dancing to socializing, that are likely to
appeal to extraverted people.

While some of our exploratory findings demonstrate
associations between personality traits and components
of the five-factor MUSIC model that are consistent with
the above mechanisms (e.g., high openness is associ-
ated with liking sophisticated music), and are also in
accord with previous research (Schifer & Mehlhorn,
2017), the magnitudes of these associations are gener-
ally small in size. Thus, a considerable amount of vari-
ance in musical preferences remains unexplained.
Future investigations concerned with musical prefer-
ences should illuminate the underlying mechanisms by
investigating how preferences relate to identity motives,
emotion regulation processes, and activity preferences,
and also by exploring how preferences for particular
auditory features (e.g., rhythm, time signature, fre-
quency components) may correspond to different per-
sonality traits (see Lindenbaum, Maskit, Kutiel, & Nave,
2010; Logan, 2000).

In summary, we have shown that preference ratings
for unfamiliar musical stimuli and naturally occurring
statements of musical preferences in online social
media allow for making reliable inference of personality
traits. These results corroborate that music—a form of
self-expression that is ubiquitous across human cultures—
communicates meaningful information about basic psy-
chological characteristics.
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Notes

1. The MyPersonality Facebook app ran from 2007 to 2012.
It presented the opportunity for Facebook users to take real
scientific research questionnaires and get feedback on their
results. Overall, more than 6 million users took at least one
questionnaire. The raw data used in the current study are avail-
able for researchers on the project’s website: http://myperson
ality.org.

2. The excerpts are available for download on the project’s page
on the Open Science Framework (OSF): https://osf.io/nfqb9.
3. The mixed genre excerpts were used by Rentfrow et al. (2011;
2012) and Greenberg et al. (2015; 2016). A subsample (about
5%) of the “mix” respondents in the current study was also
included by Rentfrow et al. (2012). The rock and jazz excerpts
were used by Rentfrow et al. (2012) and Greenberg et al. (2015;
2016).

4. Analyses scripts and preprocessed data are available on the
project’s OSF page: https://osf.io/

5. The random partition of the data into 10 holdout groups was
conducted independently for each of the models (i.e., there
was a different partition for every combination of personality
trait and dependent variables).

6. Optimization was performed using the “lassoglm” function
implemented in MATLAB (The MathWorks, Natick, MA), under
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its default setting. Thus, we first estimate A_MAX—the largest
value of the penalty parameter A that gives a non-null model—
and perform optimization by exploring a geometric sequence
of 100 values between .0001A_MAX and A_MAX. The values of
the tuning parameter A for the main models (averaged across
the 10 folds estimating personalities from the survey responses)
are available in the Supplemental Material. As the LASSO pro-
cedure is sensitive to the scale of the inputs, all independent
variables were standardized (z scored) prior to model training.
7. We estimated the correlations and confidence intervals on all
of the data collapsed.

8. The results hold when limiting the training and testing sam-
ples to participants who self-reported age and gender, ruling
out the possibility that sample size differences underlie the
improved predictive accuracy of the music-preferences based
models.

9. The general music-liking factor was estimated by fitting a bi-
factor model to Mix_A survey responses. The model included a
general factor and five additional orthogonal dimensions (rep-
resenting the MUSIC factors) and was fitted using the “psych”
library of the statistical software R (Revelle, 2017). The general
factor significantly loaded on 18 of the 25 response items, but
did not substantially load on the “intense” excerpts (see Table
3). The empirical question of whether a valid general music-
liking factor exists is beyond the scope of this paper.

10. The predictive accuracy of the general baseline model was
significantly smaller than the model that also included the rat-
ings of individual items, for four of the traits (all ps < .028,
Steiger’'s z test). For conscientiousness, predictive accuracy
was greater in the model that included the ratings of individ-
ual items, though the difference in predictive accuracy did not
reach statistical significance (p = .29).

11. A similar analysis using the same participants who took
the jazz and rock excerpts, and a small subsample (about 5%)
of the mixed survey respondents was previously published
(Rentfrow et al., 2012).

12. Various Facebook Likes were shown to contain personality-
related information, but many of the findings are difficult to
interpret. For a general list of Facebook Likes that are most
predictive of personality traits, see www.pnas.org/content/
suppl/2013/03/07/1218772110.DCSupplemental/st01.pdf.

13. A small proportion of the participants of Study 2 (roughly
3.5%) were also in the subject pool of Study 1.

14. The study’s sample was constructed in the following manner:
(a) Users with fewer than 20 musical artist Likes were excluded,
(b) artists with fewer than 20 Likes among the remaining users
were excluded, and (¢) the first two steps were repeated itera-
tively until convergence, to ensure that each user had at least 20
Likes and that each artist was associated with at least 20 users.
15. In order to generate predictions, we projected the Liking
matrix of the holdout group onto the first 500 dimensions of the
training data, calculated in Step 2.

16. Somewhat surprisingly, the predictive accuracy of the “Likes
only” model was slightly greater than the accuracy of the full
model containing Likes, gender, and age, for some of the traits
(Fig. 3). A possible account (apart from sampling error) is that
age and gender are highly predictable from Facebook Likes
(Kosinski et al., 2013), which might have generated multicol-
linearity in the full model (Chong & Jun, 2005). Note that the

“Likes only” model contains orthogonal features constructed
using SVD.

17. When repeating the analysis of Study 2 using a subsample
of 17,904 participants (the sample size of Study 1 for the Mix_A
survey), the predictive accuracy of the Likes-based models only
slightly decreased, and was still greater than the excerpt-based
models (see Table 5, bottom row). This suggests that the larger
training set was not the main cause for the superior perfor-
mance of the Like-based models.

18. The general baseline model was inferior to a model that
also included the ratings of individual items, for all of the traits
except neuroticism (all ps < .001, Steiger’s z test).
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