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ScienceDirect
Music and big data: a new frontier
David M Greenberg1,2 and Peter J Rentfrow3
There is an unprecedented opportunity for psychologists and
behavioral scientists to merge prior theory and research with
big data to develop profound insights into the way people use
and are affected by music. There are now streaming services
that store data from millions of people on their day-to-day
musical listening habits; song-level data that tags sonic and
emotion attributes for millions of songs; wearable devices
(e.g. watches and earbuds) that capture physiological metrics
including heartrate and galvanic skin response; mobile
technologies that track a person’s moment-to-moment
activity, location, mood, and sociability; and survey
instruments and digital footprints that capture personality
and other biopsychosocial metrics in just under a minute. We
propose that merging these technologies can create a new age
in music psychology that exponentially expands the present
knowledge and scope of the field. The new data will advance
general areas of music psychology, but will also provide an
important opportunity to establish new knowledge about health
and well-being that can have a direct impact on the public. By
scientifically mapping how music changes behavior and health
in the short-term and long-term, Big Music Data can lead to
future health initiatives including the development of new
evidence-based treatment modalities to be utilized by medical
physicians and mental health practitioners. Importantly,
industry and streaming services can use these new insights to
optimize their technologies and develop music-based health
and wellness platforms aimed at improving the well-being of its
users, ultimately impacting the way music is used by millions of
people globally.
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simply entertainment — scientific research from the past
decade has shown that it played an integral role in human
evolution, and is closely tied to communication, social
bonding, and human development [4–8]. Today, music
remains a central part of human experience across cultures
and the lifespan [9]. People listen to it in a multitude of
contexts for a total of 11–44% of their waking lives [9–13].
With the advancement of big data and technology, we are
entering a unique period with an opportunity to gain new
insights into the uses and effects of music that was not
previously possible. This new knowledge has the potential
to scientifically inform how music can benefit medical and
clinical settings, and industry. In this paper, we will review
prior scientific research on music, explore different areas
of Big Music Data, and outline a conceptual approach that
we feel will be most fruitful this endeavor.
Prior research

Prior theory and research in music psychology has shown
the impact of music on neurological, personological,
social, and cultural levels: Research in music cognition
has outlined how we process musical information and
form cognitive and affective representations of it [14];
research in neuroscience has identified the reward networks in the brain that are activated when listening to
music and the hormones and chemicals that are excreted
in response to it [15–17]; research on affect and music has
explored the underlying mechanisms for how people
perceive and experience emotions from music and the
process of how the emotional intensions of the musician
are expressed through music and then perceived and felt
by the listener [18,19]; research in personality and social
psychology has shown how individual differences in
musical preferences is linked to personality, values,
and cognitive styles [20,21,22!,23]; research on the uses
and gratifications of music has shown that music plays
distinct functions in a variety of contexts including concentration during work and motivation during fitness
[24,12]; medical research has shown how music can
impact physical health and rehabilitation such as increasing recovery rates after surgery [25!]; and research in
music therapy has shown that music-based treatment
interventions can be successfully used to address mental
and emotional health issues in those with autism, depression, post-traumatic stress disorder, and dementia
[26,27!,28,29!]. Findings in the areas have provided a
thorough theoretical and scientific base which can be
immediately applied to big data research.

Introduction

Limitations of prior research

Music is pre-historic and its impact on health has been
documented for thousands of years [1,2!,3]. Music is not

Though there have been significant advances in our
scientific understanding of music, the field has been
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hindered by methodological limitations. First, with the
exception of a few studies [9,30], the majority of research
in music psychology has reported relatively small samples
sizes. This is in part due to limited access to undergraduate samples and subject pools, less funding opportunities,
and lower research exposure than is available for research
in more traditional fields. Though in recent years online
recruitment platforms have increased the scope of recruitment strategies, the sample sizes reported in music psychology journals remain smaller when compared to
related fields like personality and social psychology.
Larger samples are important because they increase statistical power, and allow researchers to control for confounding variables, observe small effects, analyze within
and across sample replication, and examine affects across
age groups and geography. Considering that small sample
sizes contributed to lack of replication in social psychology, larger samples could prevent such a crisis in music
psychology.

is that it provides access to large and diverse samples of
people around the world.

Recent technological advances, including the Internet,
streaming services, online social media, and audio file
formats, has generated the collection of large amounts of
data relevant for psychological research on music. This
includes big data on the human-level and song-level. To
date, there have been four approaches to Big Music Data
discussed below.

There have been several examples of successful platforms where large amounts of music psychology data have
been collected: (a) In the myPersonality project [33!],
over 20,000 Facebook users provided their affective
responses to musical stimuli and completed measures
of personality and other psycho-demographic measures.
From this data, researchers have been able to examine the
structure of musical preference and its correlates with
personality and cognitive styles [21,22!,31,34]; (b) As part
of the Internet-based music preferences project at Out of
Service (www.outofservice.com/music-personality-test),
a quarter of a million participants have provided selfreports of their personalities, demographics, and music
genre-preferences. From this dataset, researchers have
been able to examine musical preferences across the lifespan, showing that normative trends in musical preferences correspond to Erikson’s psychosocial stages of
development [9]; (c) As part of the BBC ‘Lab UK’ project,
nearly 150,000 participants completed self-report and
behavioral tasks of musical ability. These data were used
by researchers to explore the structure, correlates, and
geographic distribution of musical sophistication [30].
Further, the data were combined with a separate BBC
‘Lab UK’ dataset on personality and well-being to show
that personality traits predict musical ability in both
musicians and non-musicians [35]; (d) Most recently,
Greenberg created the Musical Universe project (www.
musicaluniverse.org), which is one of the most extensive
datasets in terms of the quantity and breadth of musical
and psychological variables. Over 100,000 people have
completed measures on musical preferences, personality,
well-being, and demographics (including musicianship,
musical consumption, music training, geographic location
and clinical diagnoses). In terms of psychological information, large subsamples have completed measures on
mood, cognitive style, emotion regulation, values, the
dark triad of personality, and mind-reading. In terms
musical information, large subsamples have completed
measures on musical engagement style, music perception, musical and creative arts performance attributes, and
experimental listening tasks that detected changes empathy in response to music listening.

Mass Internet surveys

Online social media

One approach to Big Music Data is administering music
surveys and experiments to masses of individuals. This
predominantly descriptive and correlational approach
provides a powerful platform for mapping a range of
psychological and music-related phenomena. Typically,
the data generated by online surveys are self-reports of
demographic and psychological characteristics combined
with information about music use that includes musical
preferences, and affective reactions or perceptions of
musical stimuli. The primary advantage of this approach

Online social media (OSM) is one area where musical
behavior can be observed ‘in the wild’ via digital footprints. OSM are forums where people come together for
the purpose of interacting with each other and sharing
information — an interaction which invariably includes
the expression of musical information. Typically, the data
available from OSM include behavioral records of the
music people like that can be gained from Facebook likes
and Twitter. One of the biggest advantages of these data
is that they are behavioral and therefore overcome some

Second, the representative musical stimuli used in studies
are limited. Often, experimental and correlational studies
use stimuli that are brief (15–30 s in length) sometimes it
is computer generated or manipulated, and in some cases
has never been heard before by participants [31,32].
Though these approaches limit confounding variables,
they also lack ecological validity. Third, regardless of the
stimuli administered, given the time restrains of online
and laboratory experiments, the music that is used does
not capture the ways in which people naturally interact
with music in their daily life, and the breadth of music
they are exposed and listen to — it only captures a
snapshot of the way someone listens to, responds to,
and engages with music. As will be shown in this paper,
big data has the possibility to advance beyond these
limitations.

Big Music Data
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of the limitations of self-report methods. This information can supplement mass Internet surveys insofar as
participants can be recruited from social media to complete a survey which they can then share with friends.
There are several ways researchers can freely access OSM
data. For example, a multitude of research teams across
disciplines have turned to Twitter (a micro-blogging site
where people can send and receive short messages) to
address research questions. Data from Twitter can be
gathered in various ways. First, their flexible terms of use
policy allow researchers to use publically posted tweets
and information in their research. Second, Twitter previously developed an API where researchers can download
a small percentage (e.g. 1%) of their data. And third,
Twitter has made portions of their data (upwards to 10%)
available for researchers in the past. Psychologists have
made use of this data in a variety of ways, including
understanding how language on OSM is linked to personality and wellbeing on both individual and geographic
levels [36,37]. This can be done by using linguistic
analysis (e.g. NLP) of tweets combine with self-reports
of personality [38].
Twitter data also provides an opportunity for those
researching music. Computer scientists created the freely
available #nowplaying music dataset (http://
dbis-nowplaying.uibk.ac.at) [39]. This dataset includes
music listening behavior and events of posted by Twitter
users including metadata consisting of artist and track
information. The dataset is continually updated and
currently includes 62,217,458 tweets; 2,296,758 users;
1,507,084 tracks; and 172,313 artists.
There are other avenues in which to use digital footprints
including Facebook activity and likes. Facebook likes can
be isolated to artists, tracks, and styles as a way of
capturing music preference data. These music-specific
Facebook likes can be linked to a host of psychological
variables and mapped across friendship dyads and networks. A pre-existing large dataset of Facebook likes is
freely available to researchers at www.mypersonality.org.
The disadvantage of OSM data is that it does not actually
capture musical listening behaviors but rather the
thoughts, beliefs, and attitudes about them. Further,
these thoughts, beliefs, and attitudes displayed on social
media are likely to be biased due to social desirability and
the social connotations tied to musical behavior. Prior
research has shown that people use music as an identity
badge [40], and that people make judgements of others
based on their musical preferences — that these judgements are both agreed upon and contain a kernel of truth
[41,42]. Therefore, people’s music-specific digital footprints on social media platforms are more likely to be
influenced my social connotations and meeting social
goals than other big data platforms.
Current Opinion in Behavioral Sciences 2017, 18:50–56

Music streaming services

The platforms with the most upside and ecological validity
is data from music streaming services that include logs of
people’s daily music listening behaviors. Popular music
streaming services include Spotify, Apple Music, YouTube, Pandora, and Last.FM. Not only can this data
capture musical preferences with ecological validity
through the listening histories of its users over the course
of years, but it can also capture users’ listening habits (e.g.
whether users listen to songs on repeat, in full, or repeats or
skips certain sections of songs) [43,44]. Such data have the
most promise because they truly capture listening behavior
‘in the wild’, consist of a large proportion of the users’
listening behavior that they engage with in their daily lives,
record listening histories over long periods of time, and
have the potential to be synchronized with other big data
methods and technologies. However, the disadvantage of
music streaming data alone is that it does not capture indepth psychological characteristics of users, which makes it
difficult to study the effects that music has on listeners.
Using streaming data may be most challenging since many
streaming services do not allow researchers access to their
data (see Last.FM as an exception here: www.
mypersonality.org). This is one of the areas where collaboration between industry and academia can be most fruitful.
Song databases

In addition to Big Music Data on the person-level, there is
also Big Music Data on the song-level. This includes
meta-data on the genre labels, tags, and perceived attributes of songs. This data was originally developed from
human raters coding music for different attributes like in
the Music Genome Project, however, with advances in
machine learning (ML), there are now several ML-based
software programs that can detect and extract features in
songs. For example, a recent study examined the variation of musical attributes in 17,000 billboard songs from
the past half-century [45]. Many of these databases have
been generated and utilized for industry and commercial
purposes and music applications such as Shazaam that can
recognize a song based on listening to it for just a few
seconds. Examples of these databases include the Million
Song Dataset, and companies like Gracenote and The
Echo Nest (now part of Spotfiy).
There are alternative routes to examining song-level data.
SoundCloud may be an interesting resource considering
that music on SoundCloud has tags in addition to comments (e.g. emotions or climax in a song) that are marked
at different time points on each track by the listeners.
The latter provides insight into human perception of
music and if aggregated across tracks can provide maps
into how song-level sonic and emotional attributes link to
human judgment and perception of the music.
To date, song-level data have been used primarily by
computer scientists and only recently has begun to be
www.sciencedirect.com
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used by psychologists. For example, a recent study [22!]
found that perceived music attributes at the song-level
are organized in a way that reflects previously established
psychological models of affect including the circumplex
model of affect [46] and the positive and negative affect
framework used to conceptualize mood states [47]. However, a more detailed understanding of song-level music
attributes is needed. Understanding how the specific
harmonic, rhythmic, melodic, and dynamic structures
elicit psychological and emotional responses in the listener. ML and AI techniques will be particularly useful in
this endeavor to understand the connections between
musical structure and human response on a large scale.

linked to brain structure and activity, small samples of
participants that have differing preferences and prior
musical experience have limited generalizability. In
contrast, Big Music Data presents the opportunity to
map the intricacies of musical behavior on biological,
personological, social, and cultural levels. Most importantly, it presents an unprecedented opportunity to
understand how music can change behavior and impact
health and wellness. To gain this new understanding,
psychologists and behavioral scientists will have to take
an approach that combines information about biopsychosocial variables with both music listening histories and
song-level meta-data. With Big Music Data, there is the
possibility observe a systematic constellation of biopsychosocial and music variables that lead to behavior
change and improvements in health and wellness. The
knowledge can then be used to develop medical, clinical,
and industry applications aimed at the psychological
needs of an individual and improving health and wellness. A conceptual map is visually displayed in Figure 1
and elaborated below.

Big opportunities
Both theory and research suggest that people use and are
affected by music in a way that fulfills their psychological
needs [48]. However, in large part because of laboratory
and time constraints, understanding the uses and effects
of music has been limited to artificial settings. And
though neuroscience has shown how music listening is

Figure 1
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Merging technologies

There is a plethora of data from new technologies that is
being collected daily. Physiological variables like heart
rate and galvanic skin responses (GSR) can now be gained
from wearable devices including watches and earbuds.
Psycho-demographic profiles that include personality,
values, intelligence, and demographics (sex, age, socioeconomic status, ethnicity, clinical diagnoses) can be
measured with validated self-reports instruments that
take less than a minute to complete (e.g. TIPI: [49]),
or through digital footprints which can be accessed immediately from social media activity (e.g. www.
applymagicsauce.com: [33!]). Moment-to-moment physical activity, sociability, and mobility can be measured
from mobile apps like EmotionSense (www.
emotionsense.org: [50!]). These are all metrics that are
pre-existing or require little effort to complete. Further
upon the horizon are possibilities to include Big Data
from genetics. Several genomic biotechnology companies
(e.g. 23andMe) have collected additional data from their
customers via surveys that include scientific measures (e.
g. on personality and clinical diagnoses) and have teamed
with scientists to publish findings [51!]. These
approaches and technologies (particularly those that continually collect data such as physiological metrics) combined with exhaustive listening histories from streaming
services (that include periodic longitudinal assessments
that track behavior, clinical diagnoses) and song-level
meta-data, will provide a robust framework for insights
to be developed about music. Merging these data and
technologies together will require much greater collaboration and communication between experts across disciplines (e.g. psychologists, data and computer scientists,
geneticists, brain imagers, musicians, music therapists,
and industry) than the current status quo in music
psychology.
New insights

By using technologies that continually track behavior (e.g.
digital footprints and mobile apps) in conjunction with
surveys, insights into the short and long-term effects of
music will be feasible. Short-term effects include behavior change such as alterations in attitude, emotion, happiness, mood, and motivation. With streaming data that
longitudinally tracks listening history and habits (not just
months but potentially decades) researchers can observe
how music is intertwined with the etiology of clinical
diagnoses, the alleviation of symptomology, general physical and mental health, and lifespan and personality
development.
The combined approach will also allow new insights to be
gained about the uses and effects of music on a global
scale. One of the most assumed notions about music is
that it is a universal language. Though some studies
suggest that music is perceived similarly across cultures,
others suggest that there are important differences [52].
Current Opinion in Behavioral Sciences 2017, 18:50–56

With Big Music Data, it will be possible to map music
preferences, engagement, and performance attributes
globally. Linking this information to individual level data
on personality and well-being in addition to culture variables like population density, climate, national character
and geographic location, will enable valuable insights
about how music and culture are intertwined. Moreover,
from streaming data it will be possible to observe how
national, cultural, political, and social trends and events
impact musical behavior globally.
Applications

These new insights can be used as the foundation of datadriven applications for health professionals and industry.
Knowledge about how music listening links to the diagnostic etiology and the alleviation of symptoms, can be
used to develop evidence-based treatments targeted at
different populations (e.g. depression, autism, PTSD).
This knowledge can be used by a variety of mental health
professionals including clinical psychologists, music therapists, and psychiatrists. Findings from Big Music Data
can also be used to develop music-based protocols that
can supplement pharmaceutical medications, or to be
used in hospitals pre-operation and post-operation to
boost recovery [25!]. Importantly, the new insights can
be used by industry and streaming services to develop
health and wellness apps for their users aimed at increasing fitness and well-being.

Conclusion
There are fantastic opportunities forthcoming with Big
Data that can be a new frontier in generating knowledge
and technology on the beneficial psychological powers of
music. Here we have highlighted the ways in which this
new knowledge and technology can be used by industry
and clinicians to have a positive impact on individuals and
society. However, we caution that such information in the
wrong hands can also be used to promote negative behaviors and increase aggression, distractibility, and addictive
behavior. Manipulation of lyrics and other musical elements can increase negative outgroup sentiments just as
much as positive sentiments. It can cause division just as
much as cohesion. These are ethical considerations that
must be at the forefront in the minds of psychologists and
behavioral scientists when conducting this research.
Theory and research from the past decades has overwhelming shown how music uses and affects are inextricably biological, psychological, and social in nature. Yet,
some still view music research as unimportant. As
reviewed in this paper, the impact music has on human
life in profound. With the emergence of Big Music Data,
there will be opportunities for researchers to generate
‘knowledge of knowledge’s sake’ and to publish flashy
findings that will undoubtedly attract media attention.
But we urge researchers to concentrate their efforts on
conducting research with Big Music Data that will have
www.sciencedirect.com
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real world implications that will ultimately benefit individuals and society.
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