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Abstract. To discuss how diﬀerent people measure music similarity in
multiple aspects diﬀerently in their perception of similarity and preference, we report a user study to explore the eﬀect of personality traits in
music preference and the perception of similarity. We build audio-based
music auto-taggers to describe music content in the aspects: genre, acoustics, and emotion, and then construct a similarity-based music search
system that retrieves clips similar to a query one in one of these three
aspects. 21 participants are invited to do a few trials of music retrieval
and rate preference and similarity perception. We then study the correlation among the personality traits, the preference and the similarity
ratings. The eﬀect of retrieval methods accounting for diﬀerent music
aspects is also discussed. With the subjective nature of similarity perception, the result of this work may shed some light on the creation of a
user-centered system for similarity-based music search.
Keywords: Music information retrieval, musical similarity, listening behavior, personality trait
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Introduction

Music information retrieval (MIR) can be done in multiple ways, which can
be broadly categorized into text-based and audio-based ones [7]. In text-based
music retrieval systems, the user query can be a few text keywords specifying the song title, artist name, or some key characteristics of the music piece
such as genre, instrument, emotion, etc. In audio-based music retrieval systems, the user provides an audio example and requests the system to find
similar ones. Such examples include audio fingerprinting, query-by-humming,
query-by-tapping, cover song detection, similarity search, etc, diﬀering in the
level of specificity, namely the choice of exact or approximate matching [7].
A great amount of research work has been done in the literature to develop
advanced text-based or audio-based retrieval systems. Performance bottleneck
usually lies in the diﬃculty of designing audio features that discriminatively
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and accurately represent the content of the music pieces, and designing unsupervised or supervised algorithms to measure the similarity between music
pieces or to map the audio features to high-level semantics such as genre and
emotion [25, 42]. Some researchers are more interested in musically meaningful
features and the related fundamental music signal processing problems such as
multipitch estimation, onset detection, tempo estimation, and chord recognition, whereas some researchers are more interested in developing machine learning algorithms to construct systems that can be useful in various applications.
Since its advent in 2005, the annual Music Information Retrieval Evaluation eXchange (MIREX; http://www.music-ir.org/mirex/wiki/MIREX_HOME) [9] has
provided a community-based formal evaluation framework for all types of music
signal processing or information retrieval tasks.
Despite the great research eﬀort that has been made, the majority of research
papers published in the annual conference of the International Society for Music
Information Retrieval and related venues is concerned with the music itself,
trying to develop algorithms that for example better reproduce the genre labels
[34] or similarity ratings [43] provided by users. Although such eﬀort improves the
MIR community as a whole toward better understanding music signals and the
ways to model them, it provides little knowledge about how users interact with
music in daily lives. For example, although a great deal of work has been done
to automatically recognize the emotion a piece of music expresses or evokes,
relatively little work has been done to investigate how users selects music of
diﬀerent music emotions in diﬀerent listening moods or activities [44, 45]. As
advocated and practiced in a number of existing work [3, 4, 12, 15, 18, 19, 29–32],
it is important to understand not only the music but also the users, and to involve
users in the development and evaluation processes of music information retrieval.
The growing interest in the MIR community in understanding user behaviors
can be seen from the organization of the MIREX 2014 Grand Challenge on User
Experience, which for the first time adopts “holistic, user-centered evaluation of
the user experience in interacting with complete, user-facing music information
retrieval systems” in MIREX (http://www.music-ir.org/mirex/wiki/2014:
GC14UX).
Following this research line, we present in this paper a preliminary study
that aims at understanding user behaviors for the specific task of similaritybased music search, which is an instance of audio-based music retrieval system
that responds to a user with music clips similar to the query one. This study is
motivated by the observation that music similarity can be measured in various
aspects including timbre, rhythm, melody, genre, etc, and that diﬀerent people
may perceive music similarity in fairly diﬀerent ways. In consequence, it may not
be possible for a general similarity-based music search system to work equally
well for every user. Intuitively, the performance of music search can be improved
by personalizing the system for each specific user, but this approach may demand
large number of user feedbacks to be eﬀective. We are interested in knowing
whether it is possible to find correlations between the personal traits of users
(e.g. age, gender, personality, music training) and their perception of similarity
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in music, so that we can devise diﬀerent retrieval systems for people of diﬀerent
personal traits, before we perform personalization. Moreover, we want to know
whether this correlation is eﬀected when we rely on diﬀerent music aspects to
perform similarity search, and how the perception of similarity is related to
the preference of music. In other words, the study aims at understanding the
correlation among the following four factors: personal traits, music preference,
perception of music similarity, and the music aspect considered for performing
similarity search.
Specifically, we conduct a user study and invite 21 participants to engage
in a complete, user-facing similarity-based music search system developed by
our lab. The users are asked to perform a few trials of music retrieval by freely
selecting query music pieces by their own (instead of a fixed set of query pieces),
and then evaluate how they like the retrieved pieces (i.e. music preference) and
how they think the retrieved pieces are similar to the query ones (i.e. perception
of music similarity). Because we are using a music search system that is developed by our own, we can manipulate the system parameters and use diﬀerent
music aspects when we compare the similarity between songs, making it possible
to study the eﬀect of diﬀerent music aspects. Moreover, the user study situates
the participants in a real music searching context, which improves the validity
of the user response we can collect. In the end of the user study, we ask the
participants to fill a questionnaire [8] to assess their personality in the following
dimensions: ‘Extraversion,’ ‘Agreeableness,’ ‘Conscientiousness,’ ‘Neuroticism,’
and ‘Openness.’ We consider the above “Big Five” personality traits [14] as the
main personal factors in this study, for it has been found that these traits are
related to music preference [28]. From the 1,008 responses from the participants
and the self-reported personality traits, we are able to perform a series of correlation analysis to gain some insights into the behavior of users. To our best
knowledge, this study represents the first of its kind to address such research
questions using a functional similarity-based music search system.
The paper is organized as follows. Section 2 presents the implemented music
retrieval system. Section 3 describes the performed user study. Section 4 reports
the correlation analysis and the results. Section 5 discusses the relation between
this work and existing ones. Finally, Section 6 concludes the paper.

2

Implemented Retrieval System

Music similarity estimation can be considered as obtaining a suitable distance
measurement between music pieces defined on a certain feature space [6]. The feature space can be constructed by either low-level features such as Mel-frequency
cepstral coeﬃcients or chroma features [25], or by using high-level semantic descriptors based on the inference of diﬀerent musical dimensions by discriminative
classifiers [41]. These music dimensions, or aspects, include genre, culture, emotion, instrument, rhythm, and tempo annotations, amongst others [6]. In our
implementation, we develop audio-based music auto-taggers to obtain semantic descriptors of music in the following three aspects: genre, acoustics, and
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emotion, and then use the semantic descriptors to measure the similarity between music pieces.
The three aspects are selected for the following reasons. First, according to a
recent user study [15], genre and emotion (also referred to as mood in the MIR
literature) are the two most important factors in playlist creation and management of music collections, besides editorial metadata such as artist names, album
names, or song titles. Second, thanks to research on text-based music retrieval,
researchers have built datasets that can be used to train auto-taggers for the
three aspects. Specifically, the CAL10k dataset constructed by Tingle et al. [36]
contains genre and acoustics labels, whereas the MER31k dataset compiled by
Yang et al. [44, 45] provides music emotion labels. Eﬀective ways of training
the auto-taggers for these tags have also been proposed (e.g. [39]). Third, the
acoustics labels in the CAL10k dataset contain “acoustically objective” tags that
describe for example the characteristics of instruments, vocal timbre, tempo, and
key in a music piece. Therefore, the three aspects provide a rich yet diverse description of the music content. Although it is possible to further subdivide the
acoustic tags into smaller groups, we stay with the three aspects for simplicity.
2.1

Music Auto-tagging

Music auto-tagging, or automatic music annotation, refers to the task of automatically assigning semantic labels (tags) such as genre and emotion to music
objects (e.g. artists, tracks, or segments of a track) to facilitate applications such
as tag-based music retrieval, similarity search, recommendation, and visualization [20,38]. A number of approaches have been proposed to collect labeled data
to train music auto-taggers [37]. The CAL10k dataset contains the annotation
of 153 genre tags and 475 acoustic tags for 10,267 Western songs [36]. The tags
are labeled by professional music editors employed by the Internet radio company Pandora (http://www.pandora.com/). Example genre tags include rock,
jazz, bebop, classical, and flamenco; and acoustic tags include a ballad tempo, a
dry recording sound, a gravelly male vocalist, a lively piano solo, and a manic
bass line. The MER31k dataset, on the other hand, consists of the annotation of
190 emotion tags of 31,422 Western songs. The annotations are entered by the
crowd of last.fm users (http://www.last.fm/) as a result of social tagging [17].
Example emotion tags include mellow, amiable, smooth, fun and ethereal.
We obtain the 30- or 60-seconds MP3 audio previews of these songs via the
7digital API (http://www.7digital.com). For MER31k, we have gathered all
the 31,422 songs. For CAL10k, we are able to collect 7,799 previews. We only
keep the tags with more than 50 previews to supply suﬃcient data to train the
auto-taggers. 140 tags remain in Genre and 435 tags remain in Acoustics.
We employ the AWtoolbox to compute the audio words [13, 35, 46] as the
audio feature in this paper. First the log magnitude spectrogram is extracted.
By using a basis of vectors, called a dictionary, the log magnitude spectrogram
is decomposed with respect to the basis with 1-norm sparse constraint, using
sparse coding techniques [23]. We used a dictionary with 1,024 vectors learned
from USPOP [10]. Audio words capture local and time-varying characteristics
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Aspect
Genre
Acoustics
Emotion

Training data
CAL10k [36]
CAL10k [36]
MER31k [44, 45]

Number of tags
140
435
190
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Average AUC
0.811
0.786
0.725

Table 1: The three music aspects, number of tags, and the accuracy of music autotagging in cross validation evaluations

in the audio signal and its eﬀectiveness has been demonstrated in several tasks,
including the classification of genre, acoustics, emotion, and instruments [13, 35,
46]. The representation for a track is a vector formed by mean-pooling the audio
words across frames.
We build the auto-tagging models with Fixed-Point Continuation Approximation (FPCA) [22]. FPCA is a state-of-the-art eﬃcient optimization method.
It aims at building a model that maps the input vector to the target vector
while minimizing the rank of the mapping matrix. We apply FPCA on the autotagging problem by taking the audio words as input and taking the label vector
as the target. The n-th term in the label vector is 1 only if the song is labeled
with the n-th tag, and other terms are 0s. The FPCA model is suitable for large
datasets as the prediction is produced by simply multiplying the input vector
by the mapping matrix.
Table 1 lists the three aspects and the area under the receiver operating
characteristic curve (AUC) of the implemented auto-taggers in five-fold cross
validation evaluations. AUC is a performance measure for tag-based music retrieval using the predicted tags. Its value falls in [0, 1] and a larger value indicates
better performance. Although there is still room for improvement, empirically we
have observed that the tags predicted by our auto-taggers are fairly reasonable.
2.2

Similarity-based Music Retrieval

We collect another collection of 84,164 audio previews from 7digital to be used
as the retrieval database in the music retrieval system. As described in [21], the
database is supposed to cover a wide range of Western music. We employ the
auto-taggers trained from CAL10k and MER31k to predict the genre, emotion
and acoustics tags for the songs in the retrieval database. Then, the similarity
between two songs is estimated by comparing the predicted tags of the two
songs. For example, if the acoustics aspect is considered, we will represent the
content of a song by a 435-dimensional feature vector indicating the likelihood
(a.k.a. label confidence) of the song being associated with each of the tag, and
then use the l1 distance (i.e. the sum of element-by-element absolute diﬀerence)
between the feature vectors of two songs to measure dissimilarity. Given a query
song, the songs with the minimal dissimilarity with it are retrieved. Although it
is possible to measure similarity/dissimilarity by mixing the three aspects or by
using other advanced distance metrics (e.g. [24,33]), we opt for using the aspects
independently and the simple l1 distance in this study for simplicity.
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Fig. 1: Flowchart of the user study.

3

User Study

We recruit 21 undergraduate or graduate students (12 females, 9 males, age
range: 21–30) from universities to participate in the user study. All the participants are born and raised in Taiwan.
As shown in Figure 1, the user study consists of the following steps.
– From the retrieval database, a participant selects a favored seed song by
searching artist name, song title, or using a random song picked by the
system. The participant listens to the songs before deciding the one to be
used as the seed song.
– The system would then choose 4 songs by each of the following 4 methods
from the retrieval database: similar in genre, similar in acoustics, similar
in emotion, or random selection. The 16 retrieved songs are shuﬄed and
presented to the participant with song titles and artist names displayed.
– Without knowing how the song list is generated, the participant evaluates
whether she or he likes the retrieved song or not, whether the retrieved song
is similar to the seed song (whatever the participant defines similarity), and
whether she or he is familiar with the retrieved song, all in binary forcedchoice fashion.
– These above steps are repeated three times. That is, the participant needs
to choose three seed songs and evaluate 48 retrieved songs in total. The
participants are asked to choose seed songs with diverse styles.
– In the end, the participant is asked to fill the Chinese version of the 60-item
NEO-Five Factor Inventory [8] to assess their personality in terms of the Big
Five traits [14]. The values for each personality trait range from 1–5.
The experiment interface and music retrieval system are implemented as a website using PHP and Python codes. The participants are asked to wear a headset
and stay calm in a silent room while performing the study over the Internet. It
takes each of them 30–50 minutes to complete the experiment. The participants
are monetary rewarded and are assured that the collected data would be kept
in private. In total, 21 × 48 = 1, 008 responses are collected.
Figure 2 shows the histograms of the participants’ personality traits, with
five histogram bins. We see that the participants are biased toward high Agree-
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Fig. 2: Distribution of participants’ personality traits values in the Big Five dimensions.

ableness and high Conscientiousness, and that there are better bell shapes for
Extraversion and Neuroticism. Admittedly, the size and the diversity of our participants are fairly limited, so the findings of this study may not generalize well.
However, hopefully the methodology presented in this paper can still be helpful
in analyzing user behavior in future larger-scale user studies.

4

Analysis and Result

Our analysis is divided into three parts. First, we analyze the relationship between music aspects, music preference and similarity perception. Second, we investigate the role of personality in the personal perception of similarity. Finally,
we combine the factors of personality and similarity in diﬀerent music aspects
and discuss the implications of the result on similarity search. We do not make
use of the familiarity data in this analysis.

Fig. 3: Average number of liked songs (ranging from 0 to 12) and similar songs (ranging
from 0 to 8) for retrieval methods using diﬀerent music aspects.

4.1

Music Preference and Similarity Perception in Diﬀerent Music
Aspects

Figure 3 shows the average number of songs liked (heavy gray) and considered
similar to the query (light gray) across all the participants, for each of the four
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retrieval methods. As each retrieval method selects four songs for each of the
three query songs, the values here should range from 0 to 12. However, due to
an unfortunate bug, we do not record the similarity ratings for the last query
song, so the number of similar songs ranges from 0 to only 8.
From Figure 3 we see that acoustics has the highest number of average
liked songs (mean=6.95, SD=2.67), followed by emotion (mean=6.05) and then
genre (mean=5.76). Unsurprisingly, the participants less favor the songs chosen
randomly (mean=4.52). In one-way ANOVA analysis, the retrieval method has
significant eﬀect on the number of liked songs (F =3.4, p=0.0283).
From Figure 3 we also see that on average 3 out of the 8 retrieved songs by
each of the three content-based methods are considered similar by the participants. The result of genre appears to have smaller standard deviation (SD=1.48).
In view of the poor result of the random method (mean=1.29), we see that
finding similar songs is a fairly challenging task. The three music aspects do
not diﬀer much in the average number of retrieved similar songs. Although it
is possible to improve the performance of similarity search by fusing the three
aspects, this is not the focus of this study.
Liked
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness
Similar
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness

Genre
0.365
0.487
0.253
–0.317
0.561
Genre
0.022
–0.044
0.159
0.180
–0.042

Acoustics
0.009
0.275
0.240
0.082
0.238
Acoustics
0.085
0.117
0.175
0.197
–0.195

Emotion
0.267
0.603
0.476
–0.372
0.466
Emotion
0.033
0.243
0.513
0.136
–0.008

Random
0.335
0.287
0.069
–0.112
0.315
Random
0.300
0.084
0.133
0.020
0.126

Table 2: The correlation between personality traits and the number of songs retrieved by
diﬀerent methods that are liked (upper) or deemed similar (lower). Bold font indicates
significant correlation (p <0.05).

4.2

The Relationship between Personality and the Number of Liked
or Similar Songs

We then investigate the eﬀect of personality by correlating each of the personality
trait with the number of liked or similar songs selected by diﬀerent retrieval
methods. Specifically, we compute the Pearson correlation coeﬃcient (ranging
from –1 to 1) between for example the Openness values of the 21 participants
and the number of songs each of the 21 participants likes among the 12 songs
retrieved by using the Genre aspect. The result is shown in Table 2.
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Table 2 shows that songs retrieved by Genre and Emotion can be easily
preferred by people of certain personality traits, yet such songs are not favored
by people who rate high in Neuroticism. The correlation between the number
of liked songs and Neuroticism is negative, except for the Acoustics method.
On the other hand, it seems that the performance of diﬀerent music aspects in
retrieving similar songs has little to do with personality traits. Comparing to
the number of songs liked, the correlation coeﬃcients between personality traits
and the number of songs considered similar appear to be smaller (especially for
Extraversion and Openness) for all the music aspects, and we observe significant
correlation between only Emotion and Conscientiousness.
To gain more insights, in Table 3 we further show the correlation coeﬃcients
between the ratings in the five personality traits and the following four quantities:
– Total number of liked songs (from 0 to 48) and similar songs (from 0 to 36)
per participant.
– For each participant, we divide the number of liked/similar songs retrieved
by each retrieval method by the total number of liked/similar songs, and then
take the standard deviation of the liked/similar rate across the four retrieval
methods. This indicates whether the participant has strong preference for a
specific music retrieval method in finding favorite or similar songs.
The following observations can be made from Table 3. First, people who rate
high in Agreeableness or Openness tend to like more songs, while people who rate
high in Neuroticism like less. Second, there is no significant correlation between
any personality trait and the total number of songs considered similar. Third,
people who rate high in Extraversion or Openness do not have specific preferred
music aspect in liking songs, but again no significant correlation is found for the
perception of similarity.
Remarks — Our study so far shows that the three music aspects retrieve
similar number of songs that are considered to be similar to the query ones by
the participants, regardless of their personalities. People of certain personalities
would be more selective in the songs they would like, but it is not clear whether
these liked songs are those considered similar by the users. This leads to last
part of our analysis.

Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness

Personal total
liked songs
0.299
0.506
0.319
–0.214
0.481

Liked rate
SD
–0.551
–0.336
–0.219
0.315
–0.446

Personal total
similar songs
0.103
0.142
0.322
0.185
–0.082

Similar rate
SD
–0.021
0.273
–0.039
–0.260
0.324

Table 3: Correlation between personality and statistics of personal music preference
and similarity perception. Bold font indicates significant correlation (p <0.05).
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Personality and Influence of Perceived Similarity on Music
Preference

In this part, we investigate whether people would like the songs they consider
similar to the query songs. Specifically, Table 4 shows the correlation coeﬃcients
between the ratings in the five personality traits and the following five quantities:
– Correlation coeﬃcient between the preference ratings and the similarity ratings (both binary) of 36 retrieved songs per participant; a scalar for each
participant.
– Total number of songs considered ‘similar & liked’ simultaneously (from 0
to 36) for each participant.
– Similarly, the number of songs for ‘similar & disliked,’ ‘dissimilar & liked,’
and ‘dissimilar & disliked.’
While there is no significant correlation between any personality trait and
the correlation between preference ratings and the similarity ratings, we see
significant correlations in the last four columns of Table 4. In particular, we note
the following interesting findings:
– People who rate high in Conscientiousness tend to like the songs they find
similar.
– Neuroticism is the only personality trait with moderately positive correlation
(though not significant) for the case ‘similar & disliked,’ implying that for
these people similarity does not imply preference.
– People who rate high in Agreeableness can more easily like the songs they
find dissimilar. Actually, Agreeableness is the only personality trait with
positive correlation (though not significant) for this case.
– Similarly, people who rate high in Agreeableness tend NOT to dislike the
songs they find dissimilar.
The above result may imply that, for example, it is fine to diversify the retrieval
result a little bit for people who rate high in Neuroticism or Agreeableness. In
contrast, for people who rate high in Conscientiousness, it is a good idea to
suggest songs that are indeed similar to the query one.

Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness

Overall
correlation
–0.047
0.155
0.199
–0.186
0.114

Similar &
liked
0.148
0.240
0.402
0.068
0.028

Similar &
disliked
–0.113
–0.258
–0.180
0.365
–0.328

Dissimilar &
liked
–0.121
0.309
–0.085
–0.390
–0.520

Dissimilar &
disliked
–0.279
–0.440
–0.273
0.042
–0.350

Table 4: Correlation between personality and the relation between all liked and similar
songs, the number of songs classified to 4 dimensions of similarity and preference:
‘similar & like,’ ‘similar & dislike,’ ‘dissimilar & like,’ and ‘dissimilar & dislike.’ Bold
font indicates significant correlation (p <0.05).
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Related Work

The relationship between personality and preferred music genres or styles has
been studied before [27,28]. However, the methodology adopted in existing work
is mostly based on self-reported questionnaires or field studies, rather than user
responses while interacting with a functional music information retrieval computer system.
A great deal of research work has been devoted to audio-based and text-based
music similarity estimation [1, 2, 5, 6, 11, 16]. Recent years have also witnessed a
growing interest in improving the performance of music retrieval by either giving
users more control in customizing the system parameters, or by personalizing
the system using user feedbacks [26, 40, 47]. Instead of exploring novel similarity
measures, this work presents the methodology and a corresponding correlation
analysis to investigate the role of personality in music similarity search, an issue
that has not been well studied in the literature. Moreover, we investigate whether
the retrieved similar songs would be in favor by real users in the context of
similarity-based music retrieval.

6

Conclusions

In this paper, we have presented an attempt to evaluate the performance of an
audio-based music similarity search system by real users. The goal of the study
is to understand the role of personality traits in such a music retrieval problem.
We have analyzed the correlation between the self-reported personality traits of
21 participants and the number of songs considered similar by the participants
among the 48 retrieved songs in response to three query songs. Result shows that
there is no obvious correlation between personality traits and the preferred music
aspects in similarity search, but people with diﬀerent personalities do behave
fairly diﬀerently when it comes to whether they are in favor of the retrieved
songs that they consider similar to the query one. This finding may be used in
setting up the default setting for a personalized similarity-based music retrieval
system, and related tasks such as content-based music recommendation and
playlist generation.
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