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Abstract. According to [1] in 2019 an estimated 2.95 bil-
lion people were using social media worldwide, with a pro-
jection of 3.43 billion in 2023. Social networks increas-
ingly play a fundamental role in the way of expressing our-
selves and relating to others, in which it is directly linked
to our personality. Several studies relate a person’s per-
sonality to the most diverse areas, such as predicting po-
litical orientation, classifying gender, or even measuring
the level of success at work. [2] proposes an algorithm
that can allegedly estimate the personality of a Facebook
user better than his partner, based on his digital footprint,
thanks to AI techniques and the massive number of inter-
actions that users perform on their social media. The focus
of this work is to relate the ”Big Five” personality theory
with musical preferences. Since social media posts reg-
ister moments and impressions of users’ lives, and since
music streaming platforms provide material about musi-
cal taste [3], we used tools to extract the big five primary
personality dimensions from Facebook and audio features
from the Spotify Web API, and looked for correlations be-
tween musical preferences and personality. Results show
some correlations and anticorrelations found, pointing to
further research with a broader range of features.

1. Introduction
The massification of social networks are in line with the
growing interest of researchers in relating their use with
personality theories. One in particular, known as the Big
Five [4], has been showing interesting results about the
correlations found between personality and musical pref-
erences. For example, according to [3] research, positive
correlations were identified between blues, jazz, classical,
and folk music with the openness personality trait. In the
work of [5], another correlation was found between mass
music and the extroversion factor. And the two surveys
mentioned using manual data collection as methodology,
applying questionnaires to determine which values of each
user’s personality trait to use, and relating them to infor-
mation about musical preferences also extracted via ques-
tionnaires. This way of collecting data motivated me to
look for ways to obtain information in an automatic and
scalable manner.

According to [6] it is possible to estimate, only
based on digital footprints in social networks, an individ-
ual’s personality traits and characteristics, such as political
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orientation and probability of success at work. In this re-
search, we chose to work with music, as it has a prominent
place in our lives, according to [3] in a survey conducted
by him, music is the most cited activity when the inter-
viewee is questioned for his hobbies and also that musical
preferences are considered more significant than food pref-
erence.

We built a platform so that it was possible to col-
lect information from likes and Facebook posts through
the API to estimate the Big Five personality traits and the
information of musical preferences is retrieved from the
APIs made available by Spotify.

2. Big Five Personality Traits
According to [7] the Big Five personality traits theory has
been growing in psychology as a way of defining the indi-
vidual’s personality, using the most diverse methods. Big
Five model had its origin in a series of researches on per-
sonality, coming from other theories and personality traits.
[8], for a general review, please see [9]. We chose to use
this theory as a basis for its acceptance, but also for its
simplicity and the availability of digital tools.

As stated by [5], on Big Five there are 5 major
traits that characterize human personality. The first of them
is openness. According to [10] people who get a high score
tend to be creative people and receptive to new ideas and
(as the name implies) are more open to experiencing the
new. As [9] explains, these individuals are usually referred
to as artistic, curious, and imaginative, whereas those with
low scores tend to be the opposite, that is, people with con-
ventional thinking, and with a lesser scale of interest.

The second major trait is conscientiousness, ac-
cording to [10] this factor brings together characteristics
that bring the idea of organization, responsibility, and hon-
esty. Individuals who score high on this factor tend to be
trustworthy and dedicated workers, those who score low
tend to be more impulsive and relaxed. These people can
be described as efficient, organized, and responsible [9].

The third major trait is extraversion, which rep-
resents traits linked to sociability, as [8] well-defined ex-
traversion is the amount and intensity of interactions be-
tween people and activity level. Individuals who score
high on this factor tend to be people who prefer to be in
the presence of other people, whereas those who have a
low score tend to be more reserved. Second [9] adjectives
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that qualify these people are energetic, communicative, ac-
tive.

The fourth major trait is agreeableness, according
to [10], it can also mean the level of socialization and char-
acterizes the individual’s tendency to be socially pleasant
and warm. People who score high tend to always seek the
best in everyone, some adjectives that represent him are
generous, friendly and accommodating [9]

The fifth and final trait is neuroticism, according
to [10], this factor represents personality traits that involve
positive and negative affect, anxiety, and emotional stabil-
ity. Those who score high tend to experience negative ex-
periences more intensely. While those with low scores are
more emotionally stable. Adjectives for this factor are anx-
ious, unstable, concerned [9].

2.1. Predicting BigFive Personality from digital
footprints

The digital footprint is a term used to track the steps that
the individual takes on the network, that is, all actions exe-
cuted by the user using a device connected to the internet,
from computers, smartphones and embedded devices [11].
According to [12] these brands are divided into two types,
the first is the passive footprint, which represents the ac-
tions they perform involuntarily, for example, the search
history, or the time that remains on the determined web-
site, records the location and interactions with network in-
frastructure and we also have a qualified active footprint in
this work. It is blocked when we interact directly, usually
used when we want to change samples blocked or posted or
liked on Facebook, Twitter, and Instagram on the internet.

In this study, we used a tool developed by the
Center for Psychometry at the University of Cambridge,
which was developed from a rich set of data, without which
model was created based on more than 6 million social net-
work profiles. Its objective is to personalize the Internet,
transform the data of the digital activity tracked, for ex-
ample, Facebook likes IDs, Publications written on Face-
book, tweets and texts written by the user such as: emails
and personal diaries that they can use as input. This in-
formation is sent to the service that returns the individual
user profile that is formed by the psychological profile that
provides information on Big Five personality, intelligence,
life satisfaction, political ideology, religious views, sexual-
ity and professions while the demographic profile used by
age, gender and the status of your relationship.

As shown by [6], records of user behavior are eas-
ily accessible, for example with a list of Facebook Likes,
it is possible to automatically extract some personal at-
tributes. The model created is capable of correctly pre-
dicting the individual’s origin in 95% of cases, whether
it is African American or Caucasian and in 93% of cases
it correctly classifies between male and female genders,
these are cases of dichotomous variables that have a high
hit rate, but there are also numerical variables that showed
less precision, but this fact does not rule out the existence
of correlations that can be verified in obtaining age with a
coefficient of r = 0.75, in addition to personality traits as

openness r = 0.43, extroversion r = 0.40 the other person-
ality traits obtained a slightly lower precision r = 0.17 to
0.30.

Even with the accuracy not reaching the values
found in the dichotomous variables, studies show that per-
sonality judgments made by computer can be more accu-
rate than those made by humans, in a survey of more than
86,000 people who answered personality questionnaires of
100 items from your friends on Facebook demonstrated
that the evaluation performed by a computer is more ac-
curate than that performed by your friends. The computer
got value for r = 0.56 while friends got a coefficient of r
= 0.49. The results presented show that the average eval-
uation accuracy of the computer grows as the number of
likes increases, in trained models the computer needs 10,
70, 150 and 300 likes to surpass the average evaluation of
human judges, respectively, as colleague co-worker, room-
mate and family member or a spouse. This curve can be
seen in figure 2 [2].

3. Platformzation of Digital Music
In the early days of the MIR area, studies were almost lim-
ited to specialists in the area, where one of the first chal-
lenges was the cocktail party. And with the evolution of the
area, tools emerged that began to encapsulate tasks such as
MFCC, HMM, and Machine Learning techniques, offering
scientists a level of abstraction in the development of their
studies.[13]

Thinking of a Platformzation of Digital Music
scenario, companies like Echo Nest are dedicated to offer-
ing a musical intelligence service to students, researchers
and people interested in the field. based on more than 35
million of songs where it can automatically extract vari-
ous information from songs that are divided into two sub-
categories: One of defined by musicologists which are:
tempo, note, tone, signature of tempo volume, among oth-
ers [14] . And Cultural context features such as textit
Energy, Liveness, Speechiness, Acousticness, Danceabil-
ity and Valence.

In this study, we chose to use cultural characteris-
tics directly related to the way the listener interprets music,
in addition to the listener’s ease of interpretation on how
their personality can interfere in each one. In addition to
the accessibility provided by the Spotify Web API. Table 1
shows a list of the characteristics used in this experiment.

4. materials and methods
In this section, we will explain the profile of the research
participants and the procedures for developing the experi-
ments.

The research started with the development of the
PersonalityMusic-Crawler capable of collecting data from
Facebook users invited to test the tool. and sending it to the
API Apply Magic Sauce for analysis and then collect data
from Spotify’s music preferences and store all this data
in a non-relational database. Based on this information,
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Features Name Type Description
Acousticness float A 0.0 to 1.0 confidence

measure if the range is
acoustic. 1.0 represents
high confidence that the
track is acoustic.

Danceability float Describes how suitable a
song is for dancing based
on combination of musical
elements.

Energy float It is a measure of 0.0 to
1.0 and represents a mea-
sure perceptual intensity
and activity.

Instrumentalness float Predict whether a track
does not contain vocals.
The sounds ”Ooh” and
”aah” are treated as instru-
mental in this context.

Liveness float Detect an audience pres-
ence in the recording. A
value above 0.8 provides a
strong probability that the
track is live.

Tempo float The total estimated time of
a track in beats per minute
(BPM). In musical termi-
nology, Tempo is the speed
or rhythm of a given piece
and derives directly from
the average beat duration.

Valence float A measurement from 0.0 to
1.0 describing the musical
positivity transmitted by a
track. Tracks with high va-
lence sound more positive.

Table 1: Audio features from Spotify Web API

Figure 1: Architecture overview

a python script was created to collect the audio character-
istics provided by the Spotify Web API and consolidate
everything in a CSV spreadsheet so that it was possible to
perform the analyzes.

4.1. Participants

About 65 participants were invited to participate in the re-
search as an application tester. 60 records were obtained
from the database, 13 of which were incomplete because
users do not have enough data to generate any type of rec-
ommendation.

On average, each participant had 32 likes to be
analyzed, but, by checking the minimum of likes in the
sample, it was possible to verify that there were users with
5 valid likes for analysis, which generated a low degree of
assertiveness in the classification of the users’ personality.
As a way of improving, we used only users who had a min-
imum of 10 valid likes following the example from [2]. In
this paper, with 10 selected likes it is already possible to
determine the user’s personality better than a colleague of
work would judge. Another cutoff point was the amount
of music that we managed to recover from Spotify for each
user. We chose to select only users with at least 100 songs
returned by Spotify. This metric was used to identify users
who used the Spotify service most often. After these limi-
tations in the database, a total of 31 users were obtained, of
which 16 were female and 15 male, aged between 18 and
30 years.

4.2. Instruments

The data was collected by PersonalityMusic-Crawler,
which aimed to orchestrate all the following services
AMS-Apply Magic Sauce, Spotify Web API, and Mongo
DB, which is a non-relational database, chosen for simply
allowing new information to be added in the future.

4.2.1. AMS - Apply Magic Sauce

This service is available free of charge for academic
or non-profit purposes. We used them to estimate
the personality traits from the likes of Facebook,
where each user has their Json or a personality el-
ement composed of 5 features: BIG5 Openness,
BIG5 Conscientiousness, BIG5 Extraversion,
BIG5 Agreeableness, BIG5 Neuroticism, and that
information was used for the analyzes. Each feature
represented as a float ranges from 0.0 to 1.0 and shows
personality traits.
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4.2.2. Spotify Web API

To retrieve the user music preferences, we use the method
”Get a User’s Top Artists and Tracks” to collect 100 songs
with which the user has more affinity. This request only re-
turns the metadata of the song, such as name, album, band,
and popularity. To collect the rest of the necessary infor-
mation, we used the endpoint ”Get Audio Features” ser-
vice for all tracks that returned the characteristics that can
be seen in table 1.

After retrieving the information, the same script
was responsible for extracting the average of these charac-
teristics for each user and then exporting that information
together with the personality information to a CSV.

The last instrument used was RStudio, had the
CSV containing the entire sample with the average of the
audio characteristics and personality traits, Pearson’s cor-
relation techniques were applied together with a linear re-
gression of the points that obtained the greatest relevance.

4.3. Procedure

In the first contact with the participants, we presented them
with the objective of the research, and with his approval,
we inserted them as testers of PersonalityMusic-Crawler,
to allow Facebook to authorize the recovery of their posts
and likes. When the user accesses the application, a short
text was available explaining the search.

After the user’s login, the application started the
information collection process, retrieving all the posts and
likes that the user posted on his timeline, sending this data
to AMS to be processed, returning the values of the user’s
personality.

Then he logs in to Spotify and after collecting his
music and storing it. A script retrieves all users in the
database. Selecting the 100 songs of each user for anal-
ysis of the Spotify service.

After recovering the characteristics of each song,
the average of these songs is calculated making a unique
value that represents the user. So that we could look for
correlations between personality traits and musical pref-
erences. This information was processed and stored in a
.CSV file along with gender and personality information.
With structured data, we used the R statistics software to
perform the correlation and regression calculations.

5. Results and Discussion
In this section we will present the results obtained from
the statistical analysis between the Big Five factors and the
user’s musical preferences and raise discussions about the
main associations found.

Through the Pearson correlation, some variations
were found with the p-value less than 0.05. They are Extro-
version vs Danceability, Overture vs Valencia, Openness
vs Danceability, and Opening vs Danceability. In table 2,
we have a summary of all the association found, where a *
marks a p-value less than 0.05 %.

5.0.1. Extraversion vs Popularity

It is worth mentioning a specific case, between Extrover-
sion and Popularity, which obtained marginally positive
correlations, since its p-value was very close to 0.05% for
an r = 0.35; p-value = 0.05292.

We had a R²2 = 0.09 we can see in figure 2 the
linear regression model extraversionVSpopularity.

P = 43.11 + 23.538 ∗ E (1)

Figure 2: Linear regression - Extraversion vs Pop-
ularity

5.0.2. Openness vs Valence

It’s found a negative correlation with r = -0.42; p-value =
0.019. The value of R²2 = 0.147 we can see in figure 3 the
linear regression model Openness vs Valence.

V = 0.59242− 0.25512 ∗O (2)

Figure 3: Linear regression - Openness vs Va-
lence

5.0.3. Extraversion vs Danceability

It’s Found a positive correlation with r = 0.40 p-value =
0.02. The value of R²2 = 0.13 was obtained. We can
see in figure 4, the linear regression model Extraversion
vs Danceability.

D = 0.45114− 0.22402 ∗ E (3)
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Figure 4: Linear regression - Extraversion vs
Danceability

5.0.4. Openness vs Danceability

It’s found a negative correlation with r = -0.38; p-value =
0.37. The R²2 = 0.11. We can see in figure 5, the linear
regression model Openness vs Danceability

D = 0.61902− 0.18053 ∗O (4)

Figure 5: Linear regression - Openness vs Dance-
ability

5.0.5. Agreeableness vs Danceability

It’s found positively Association with r = 0.38; p-value =
0.036. The R²2 = 0.11. We can see in figure 6, the linear
regression model Agreeableness vs Danceability

D = 0.47286 + 0.14903 ∗A (5)

For the characteristic dancability, three personal-
ity traits were found that had a relevant level of correlation.
In order to find a model that would bring a better result to
describe the dance, we performed multiple linear regres-
sions. As a significant result we had the model using the
following variables D = Danceability E = Extroversion, O
= Openness, A = Agreement. eqnref danceability

D = 0.39 + 0.21 ∗ E + 0.13 ∗A (6)

Neste modelo, foram obtidos os seguintes valores de p-
value respectivamente p = 0,026 e 0,037. e o valor para R
newunicodechar ² assegurama 2 = 0, 23.

Figure 6: Linear regression - Agreeableness vs
Danceability

Acousticness Danceability Energy instrumentalness
Neuroticism 0.31 0.21 -0.32 -0.20
Conscientiousness 0.02 0.11 0.28 -0.07
Extraversion -0.30 0.40* 0.20 -0.44*
Openness 0.09 -0.38* -0.29 0.30
Agreeableness 0.20 0.38* -0.22 -0.02

Liveness tempo Valence Popularity
Neuroticism 0.06 0.17 0.09 0.23
Conscientiousness 0.20 0.40* 0.33 0.11
Extraversion -0.16 0.25 0.35 0.35
Openness -0.08 -0.22 -0.42* -0.21
Agreeableness -0.06 0.05 0.19 0.21

Table 2: Correlation between BigFive traits and
Spotify characteristics

5.1. discussions

Of the correlations found, there were three of them that
were more relevant and seemed to have an explanation of
cause and effect. A marginally significant relationship was
found between Popularity and Extroversion, this fact pos-
sibly occurred due to the number of users that were in the
analysis. In the initial analyzes with fewer users, it was
possible to identify this correlation with a p ¡0.05. This
was possibly due to some distortion in the data, but ac-
cording to [15] the correlations increase with the size (and
variability) of the sample. With this, it is expected that with
the increase of the sample the value of p decreases bringing
greater confidence for the relation.

Comparing with the relationships found in the
work of[5] we can see that mass music was positively re-
lated to extraversion and negatively to openness to expe-
rience, which was also the relationships found with the
dance characteristic of the music, because when we ob-
serve the genres present in popular music we note that they
are all genres that tend to be danceable.

The correlation between openness and Valence of
music showed a significantly high negative correlation, we
can interpret this correlation as people who have a lower
value of opening up to new experiences, that is, more
closed individuals in their world tend to listen to music that
they like, looking for more positive songs that reinforce
your feeling. People with a higher value of Openness tend
to be more receptive to new ideas, which ends up leading
this user to try and listen to songs that have a low Valence,
that is, more negative sounds, exemplifying music (sadder,
depressive, angry).
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The result of the multiple linear regression
showed us that it is possible that several personality traits
can influence the characteristics of the songs as was the
case with danceability. This leads me to think about what
other elements of personality we can relate to music and
use an approach based on the individual’s personality to
create initial recommendations for songs and podcasts.

6. Conclusions
The present work promoted research in the areas of per-
sonality theory involving the Big Five being obtained from
a user’s Facebook digital footprint. In which it is possible
through the use of the Apply Magic Sauce application to
estimate the 5 major factors based on the likes on Face-
book pages and correlate this information with character-
istics such as Valence, Popularity, Energy, Tempo, Dance-
ability, Liveness, Instrumentalness extracted from the 100
songs that the user has more affinity with one of the biggest
streaming services Spotify.

Based on these analyzes, it was possible to iden-
tify three main correlations between Valence and Openness
to Experience and two other correlations that were found
in our analysis: Extroversion and Popularity, Extroversion,
and Danceability. These last two were also found similar
relations between extroversion and music of very popular
Brazilian music that is represented by songs of the genre:
sertaneja, pagode, pop music, funk, forró, samba, axé, and
Brega, according to [5] which highlights the correlation
between these factors.

7. Future works
Add new entries for data collection, incorporate more data
in the correlation analysis, as well as insert other charac-
teristics of the music, both metadata such as band, genre,
release year among other information and characteristics
extracted directly from the audio such as music note, mood
that to enhance analysis such as genres, music notes, and
humor. In addition to incorporating an analysis of the
lyrics of each song, as we well know that the lyrics have a
fundamental role in the emotion that the music passes on to
the listener and in this work, we do not take this possibility
into account so for future works we can do analysis and
keywords, and feeling of the lyrics to understand if there
are relations between the music, lyrics and personality fac-
tors.
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