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Abstract—Emotions significantly influence human behavior,
impacting decisions, social interactions, and overall mental well-
being. Understanding emotional dynamics over time is crucial
not only for clinical applications, such as early detection of
psychological distress, but also for enhancing user-centered ser-
vices like recommendation systems and personalized advertising.
Traditional emotion recognition methods rely on physiological
sensors, facial expressions, or textual analysis—approaches that,
while effective in controlled scenarios, suffer from issues of
invasiveness, scalability, and privacy. In this paper, we propose
a novel, non-invasive approach to infer users’ emotional flow
over time by analyzing their music listening history. Music
is deeply intertwined with emotions: individuals often select
songs based on their current mood, and conversely, music can
induce emotional changes. Leveraging this connection, we identify
recurring listening habits using a spatio-temporal clustering
technique that jointly considers musical similarity and listening
time. Each habit is then associated with a corresponding emotion,
enabling us to reconstruct a daily emotional profile over a
typical week for each user. We validate our method through
an experimental study involving 14 real users who provided
their listening histories. Results show the system’s ability to
capture individual emotional trends, highlighting its potential
for both psychological monitoring and commercial applications
in emotion-aware computing.

Index Terms—Clustering, Recommendation System, Music
Playlists

I. INTRODUCTION

Emotions play a central role in individuals’ daily lives,
deeply influencing decisions, behaviors, and interpersonal re-
lationships. The literature in psychology and neuroscience has
extensively demonstrated that emotions drive a wide range of
human activities, from decision-making processes related to
purchases to the choice of travel destinations, the management
of social relationships, and the regulation of psychophysical
well-being [1], [2]. A person’s emotional state is closely linked
to their mental and physiological balance, and understanding
its evolution over time can offer valuable insights both for the
prevention of psychological disorders (such as stress, anxiety,
and depression) and for optimizing marketing strategies and
service personalization.

In recent years, several approaches have been proposed to
recognize users’ emotions, relying on physiological signals,
facial expressions, body posture, or language analysis. The use
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of biosensors (e.g., electroencephalography, GSR sensors) al-
lows for direct and reliable measurements of emotional states,
but it presents significant limitations in terms of invasiveness,
cost, and scalability [3]. Other approaches focus on textual
language analysis, for example via social media or instant
messaging, with promising results in specific contexts, but
with challenges related to privacy, data discontinuity, and
linguistic variability [4], [5]. More recently, models based
on facial expressions have gained popularity, often supported
by computer vision techniques [6], [7]. While promising,
these methods are also intrusive and subject to environmental
constraints (e.g., lighting conditions, camera position, etc.).

In parallel, numerous studies have highlighted the strong
connection between music and emotions. Music not only
reflects the emotional state of the listener, but can also pro-
foundly influence it, stimulating the production of neurotrans-
mitters associated with pleasure and mood regulation [8], [9].
Research has classified the mechanisms through which mu-
sic evokes emotions, including emotional contagion, episodic
memory, and rhythmic entrainment [10], [11]. Moreover, mu-
sic is often chosen based on one’s current mood, creating a
privileged and natural channel for inferring personal emotions.
This connection has also been investigated in the context
of streaming platforms, where listening history can provide
meaningful cues about users’ psychological well-being.

In light of these considerations, there is a growing need for a
mechanism capable of reconstructing a user’s emotional flow
over time, not just classifying discrete emotional states, but
tracing a continuous and coherent emotional trajectory. Such
a flow could be crucial for detecting early signs of psycholog-
ical distress, enhancing personalized recommendation systems
(in music, media, or advertising), and supporting real-time
adaptive interventions [12]. A dynamic and temporal view of
emotions thus represents a fundamental step toward a deeper
understanding of user experience.

In this context, we propose a non-invasive method to infer
users’ daily emotional flow based on their listening history,
on a weekly schedule. Listening history is a time-coded list of
songs played by the user, usually enriched with metadata such
as playback duration, artist, and genre [13]. Unlike sensor-
or camera-based methods, our approach relies solely on data



already available from music streaming platforms, preserving
user privacy and enabling easy integration and scalability. A
listening habit is a collection of similar tracks that have been
played by a user at the same time slot on the same day of the
week, representing a pattern in the listening history [14].

The method involves retrieving a set of analytical features
(extracted from both audio content and metadata) for each
song listened to, identifying listening habits through clustering,
and associating each habit with the dominant emotion of
the songs it contains. This process enables the generation
of a daily emotional report for the user, organized in a
weekly schedule, and analyzable at different levels of temporal
granularity.

The validity of our approach was assessed through an exper-
imental phase involving 14 real users who anonymously shared
their listening history. The results are consistent with previous
large-scale research by Heggli et al. [15] on diurnal listening
trends and indicate that the method is able to accurately
identify individual emotional trends, demonstrating potential
for both clinical and commercial applications.

The rest of the paper is organized as follows: in Section II
we report on related work; in Section III we present our
approach to listening histories analysis for user mood clas-
sification; in Section IV we report and discuss experimental
results; finally, in Section V we conclude by also highlighting
future research directions.

II. RELATED WORK

Emotions are complex internal states resulting from the
interplay between cognitive evaluations and physiological re-
sponses to stimuli, whether external (events, social interac-
tions) or internal (memories, bodily sensations). They are
inherently subjective and influence both behavior and phys-
iological activity, making their classification a central task in
affective science.

A. Theoretical Models of Emotion

Several theoretical frameworks have been proposed to de-
scribe and categorize emotions:

« Ekman’s discrete emotion theory [16] identifies six ba-
sic, universally recognized emotions (happiness, sadness,
anger, fear, disgust, surprise), widely applied in cross-
cultural psychology and facial expression recognition.

o Russell’s circumplex model [17] organizes emotions
along two continuous axes — valence (positive vs. nega-
tive) and arousal (low vs. high) — making it particularly
relevant in affective computing and sentiment analysis.

e The PAD model (Pleasure—Arousal-Dominance) [18]
situates affective states in a three-dimensional space, with
applications in consumer research and interactive design.

o Plutchik’s wheel of emotions [19] defines eight primary
emotions arranged in four opposing pairs, providing a
dynamic view of affective relationships.

o The OCC model, frequently used in artificial intelligence
and robotics, focuses on cognitive appraisal mechanisms
underlying emotional responses.

B. Emotion Models in Music Analysis

In music-related affective computing, dimensional frame-
works such as the Circumplex, PAD, and Plutchik’s model are
often preferred. They enable the mapping of affective varia-
tions to quantifiable musical attributes, including tempo, tonal
mode, timbre, and dynamic range, thus supporting emotion-
aware music recommendation and more personalized listening
experiences.

A growing body of research investigates the relationship
between musical content and emotional perception. Chang
et al. [20] employed recurrent neural networks to predict
emotional content from audio signals, showing potential for
therapeutic applications and adaptive recommendations. Dutta
and Mookherjee [21] analyzed large-scale Spotify data to
explore valence trends and genre preferences over time. Chen
et al. [22] applied Transformer Encoder architectures to detect
the affective tone of musical tracks. Su and Zhou [23] adopted
heuristic clustering to uncover latent relationships among
musical features and self-reported listener emotions. Gujar and
Reha [24] leveraged machine learning to correlate mood and
listening behavior, discussing applications in mental health
monitoring.

C. Our Contribution

Unlike approaches that infer emotional states from raw
acoustic features, our method exploits tracks annotated with
human-assigned emotional tags. These labels are used to train
a classifier to assign moods to songs, and then the classifier is
used to infer the temporal distribution of user emotions within
the individual recurrent patterns in the listening history. This
process enables the reconstruction of an emotional flow over
time, providing valuable input for both psychological well-
being assessment and personalized content delivery.

III. METHODS
A. Data

This study relies on two types of data: the users’ listening
histories that are to be analyzed, and an emotion-based labeled
song dataset.

1) Listening Histories: Every listening history is enriched
through metadata (e.g., artist, album, title, duration, playback
time, etc.) and through an audio feature vector 5 € RS, where
f is the song-feature dimension. Specifically, each song is de-
scribed with 9 features (tempo, loudness, acousticness, energy,
valence, danceability, instrumentalness, liveness, speechiness).

For each user, the listening history of the last two months
is considered. This comes from the assumption that listening
habits might change over time and seasons (e.g., summer Vvs.
winter). We consider only songs that have been listened to for
at least 30 seconds, assuming that shorter plays mean that the
user did not like the song.

2) Mood Dataset: To identify the mood of each song,
the Moodify dataset has been used'. The Moodify dataset
consists of 1,200 songs collected and systematically labeled

Uhttps://www.kaggle.com/datasets/abdullahorzan/moodify-dataset/



for emotion-based music classification and recommendation.
The songs were retrieved from Spotify’s most popular mood
playlists using the Spotify API. Each song is categorized into
one of four primary emotions (sad, happy, energetic, calm)
based on Robert Thayer’s traditional mood model [25], with
300 songs per emotion category to ensure statistical balance.

B. Mining Listening Habits

The first goal of this work is to extract the listening habits
of users from their listening data. In the context of this paper,
listening habits are defined as collections of similar tracks that

a user tends to play during roughly the same time period. We
make the following assumptions:

1) Listening habits are periodic; in particular, we assume
that they follow a weekly pattern, reflecting the weekly
schedule of everyday life. Therefore, our analysis only
considers times of the day and days of the week.

2) The number of listening habits is not known in advance.

3) Listening habits do not follow fixed time slots.

4) Both temporal proximity and song similarity should be
considered when identifying a user’s listening habits.

The proposed approach is developed with these assumptions
in mind. Furthermore, since listening habits are inherently
personal and listening data can vary significantly from user
to user, the entire approach is designed to be applied indepen-
dently for each user.

To extract a user’s listening habits, we first reduce the
dimensionality of the audio feature space using Principal
Component Analysis (PCA) while retaining the most relevant
musical information. We then apply a spatio-temporal clus-
tering method that jointly considers musical similarity and
temporal proximity, identifying groups of songs that reflect
distinct listening habits. This process yields a set of clusters,
each corresponding to one recurring habit in the user’s weekly
listening pattern.

1) Dimensionality Reduction: Since clustering techniques
and distance-based methods in general are negatively affected
by the curse of dimensionality, we first compute a lower-
dimensional embedding of the songs listened to by each user.
To this end, we apply a PCA to the set of song features, ex-
cluding the time attribute. Starting with nine audio features, we
retain only the principal components with the highest eigen-
values such that the cumulative explained variance reaches at
least 80%. In practice, we found that for most users, four
principal components are sufficient to meet this threshold.

2) Clustering: To identify listening habits, we focus on
density-based clustering techniques, such as DBSCAN, be-
cause they do not require the number of clusters to be specified
in advance and are more robust to outliers.

Indeed, our second assumption states that the number of
listening habits is not known a priori, thus the use of clustering
methods that require this information, such as k-means, can
be problematic unless combined with additional heuristics to
estimate the number of clusters. Moreover, methods such as
k-means assume clusters to be roughly spherical and of similar
size, which may not hold true for listening habits. Other

approaches, such as Gaussian Mixture Models, share similar
limitations due to assumptions on cluster shapes and the need
to specify the number of clusters in advance.

In addition, listening histories may contain outliers, for
example, when a user plays a song they do not typically listen
to (e.g., suggested by a friend). Such cases must be accounted
for during clustering.

Moreover, in this scenario, as highlighted in our fourth
assumption, a key challenge is that listening habits depend
on both temporal proximity and song similarity. Songs played
at similar times, but with very different musical features, or
similar songs played during unrelated periods, should not be
grouped into the same habit. To address this, we employ a
spatio-temporal extension of DBSCAN, called ST-DBSCAN
[26]. This method distinguishes spatial and temporal features
by applying separate thresholds (¢; for spatial similarity and
€, for temporal proximity) when determining neighborhoods.
In practice, the implementation used in this work [27] prepro-
cesses the spatial distance matrix for standard DBSCAN by
identifying pairs of samples with a temporal distance greater
than €9 and setting their spatial distance to a value exceeding
€1, thereby preventing them from being grouped together.

In our setting, we adapt this approach by encoding the time
feature as the number of minutes elapsed since Monday 00:00,
while treating the song features as the spatial dimensions.

The main challenge in applying DBSCAN, and particularly
ST-DBSCAN, lies in selecting appropriate hyperparameters:
the minimum number of points required to form a cluster
(MinPts), the spatial threshold (1), and the temporal threshold
(¢2). Unlike other clustering methods, for which a simple
grid search with a standard score (e.g., the Silhouette score)
would be sufficient, tuning these parameters for DBSCAN is
more delicate. Since DBSCAN can label varying numbers of
points as outliers, standard scores can favor configurations that
overestimate outliers. Alternative methods, such as identifying
the knee point in the k-distance graph, may not always yield
clear results due to multiple or ambiguous knee points.

In this work, we adopt the following heuristics to select the
hyperparameters:

o For the minimum number of points (MinPts) required to

form a cluster, we use the average number of songs per
hour in the listening history, computed as:

. N
MinPts = max <5, round(24x7)>

where N is the total number of listened songs in the user’s
history, ensuring a minimum of 5 songs per cluster.

e For the temporal threshold e5, we assume that songs
within a habit should be listened to within at most 30
minutes of each other.

e For the spatial threshold ¢;, we perform an iterative
search starting from a small value (0.01) and gradually
increasing it until fewer than 10% of the samples are
classified as outliers.

To associate new listening events with an existing user

habit, it is sufficient to compute the spatial distance (i.e.,



the distance based on the song features) to the songs already
assigned to each habit. For each new song, the closest song
in the feature space is identified. If both the spatial distance
and the temporal distance to this closest song are below the
corresponding thresholds (¢; and €3), the new point is assigned
to the same habit. If either condition is not satisfied, the next
closest song is considered, and the process is repeated until
either a matching habit is found or no match is possible under
the defined constraints.

C. Temporal Mood Profiling

The previous section described a method for identifying
users’ listening habits from their listening histories using
clustering. Our next goal is to profile these habits in order to
track users’ mood patterns throughout the week. To this end,
we first train a classifier to assign moods to songs, and then
the trained classifier is used to predict the mood of each song
in the users’ listening habits. For each habit, the most frequent
predicted mood is assigned as its representative mood.

TABLE I
COMPARATIVE RESULTS OF DIFFERENT CLASSIFIERS ON THE MOOD
CLASSIFICATION DATASET.

Model Name Mean Accuracy (%) Std. Dev.
Logistic Regression 80.1 3.6
Decision Tree 73.1 4.9
Random Forest 80.2 4.6
XGBoost 80.2 4.2
Support Vector Machine (SVM) 79.2 34
Neural Network (MLP) 80.1 4.8
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Fig. 1. Logistic Regression coefficients.

We train the mood classifier on the Moodify labeled dataset,
which, we recall, consists of 1200 songs annotated with one of
four mood categories: sad, energetic, happy, or calm. Several
off-the-shelf classifiers were evaluated using 10-fold cross-
validation; the results are reported in Table I. Notably, logistic
regression achieves competitive accuracy comparable to less
interpretable models such as random forests and XGBoost.
Due to its interpretability, we select logistic regression as our
final classifier, as it allows us to inspect and interpret the
influence of each covariate. Figure 1 illustrates, for example,

the learned coefficients for each feature, revealing intuitive
patterns: for instance, calm songs tend to have higher values
of instrumentalness and acousticness, and lower energy and
loudness, while happy songs are more danceable, and ener-
getic songs actually have more energy than the other classes.

1.0

Calm

Energetic 1 0.032

True label

Happy - 0.037

Sad4{ 0.086 0 0.052 [R:13

T T T 0.0
Calm Energetic  Happy Sad
Predicted label

Fig. 2. Confusion matrix of the classifier over the mood classes.

Figure 2 presents the confusion matrix of the classifier,
showing that happy and energetic songs are often confused:
happy songs are confused with energetic songs 20% of the
time, while the opposite happens 32% of the time. This con-
fusion appears consistently across all tested models, indicating
that it is an inherent characteristic of the dataset.

D. Graphical Weekly Mood Representation

Since a user habit may contain a mix of moods, it is
important to communicate the level of purity or uncertainty
associated with the assigned mood. We draw inspiration
from the graphical representation of sequence conservation in
bioinformatics, known as the sequence logo [28], to derive
a graphical representation for the user’s weekly mood. In a
sequence logo, the height of each character is proportional
to its frequency, quantified using Shannon entropy. In our
approach, we adapt this concept by varying the opacity of
the habit’s mood color according to its uncertainty: the higher
the entropy, the lower the opacity, indicating that the mood is
less clearly defined.

For a categorical distribution with k& possible outcomes, the
entropy is given by:

k
H(X)=- Zpi log, pi,
i=1

where p; is the probability of the i-th category. In our case,
k = 4 (corresponding to the four moods), and p; is estimated
by the frequency of the i-th mood within the habit. Since
the maximum entropy for four categories is 2, we define the
opacity O(X) as:

which ensures the opacity ranges from 0 (maximum uncer-
tainty) to 1 (complete certainty).



IV. EXPERIMENTAL RESULTS AND DISCUSSION

We collected the listening histories of 14 Spotify volunteer
users contacted through our university teaching platforms. On
average, 1200 samples were retrieved for each user (min. 108,
max. 4358).

We applied the previously described method to the listening
histories and, among the 14 users included in this study, an
average of 23.5 listening habits were identified per user (min.
2, max. 40). The median number of habits is 24.5, with an
interquartile range (IQR) of 22 to 31.25.

Each habit contains a variable number of listening events:
the median number of songs per habit is 21 (IQR: 12-46),
while the mean is 44.7. This large difference between mean
and median indicates a strong right skew, with some habits
encompassing hundreds of songs (maximum: 506). This wide
range reflects the high variability in individual listening pat-
terns and the diversity of music consumption during the two-
month observation period.

It is important to note that habits are only detected when
recurring patterns are actually present. For example, the user
with the fewest detected habits (two) had listened to 405 songs
in total, yet their listening history lacked sufficient temporal
and musical regularity to produce more clusters.

A. Examples of Weekly Listening Habits

Daily Mood Timeline

Moods
Mon = Calm
m Energetic
m= Happy
- sad

Fig. 3. Weekly mood timeline of User 1, with 36 habits identified and an
average of 25 songs per habit (min: 6, max: 103).

We present the weekly emotion timeline of two repre-
sentative users. Other users in the dataset exhibit broadly
similar patterns, though many are less distinct or less diverse.
Presenting all users would be redundant and exceed space
constraints, so we focus on these two illustrative cases.

Figure 3 shows the weekly mood timeline for User 1, where
stronger colors represent less uncertainty of the classified
mood. This user tends to listen to calm and sad music
during Monday mornings and late nights on Wednesdays
and Sundays, with Wednesday nights showing a particularly
consistent and marked habit. We can also observe the listening
of energetic music on Wednesday and Thursday mornings,
probably indicating some workout activities.

A similar trend can be observed in Figure 4 for User 2,
who also listens to calm and sad music on weekday mornings

Daily Mood Timeline

Moods
Mon = Calm
W Energetic
m= Happy
Tue . Sad

Fig. 4. Weekly mood timeline of User 2, with 28 habits identified and an
average of 49.5 songs per habit (min: 9, max: 234).

and late nights. Notably, both User 1 and User 2 show a
distinct tendency to listen to energetic music on Saturday
nights, possibly indicating a social or leisure-related habit.

B. Overall Mood Trends Across Users

Weekly Timeline
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Fig. 5. Aggregate distribution of moods throughout the week for all users.

Aggregating the habits of all 14 users into a single dataset
reveals broader mood trends throughout the week. Figure 5
shows that sad moods are most prevalent at the beginning of
the workweek and on Sunday afternoons, consistent with the
idea of a “Sunday evening blues” effect.

In contrast, calm and energetic moods are more common
on weekend mornings and evenings, respectively. These trends
align with expectations that weekends involve a greater mix
of relaxing and social activities, reflected in more upbeat or
quiet listening patterns.

Figure 6 shows the relative differences in the audio feature
values of users’ listening habits across the day. For each user’s
habit cluster, the median audio feature values were computed;
then, for each time segment, the average was calculated and
compared to the overall mean across all time segments.

The resulting daily pattern is consistent with previous large-
scale research by Heggli et al. [15], who analyzed over two
billion Spotify listening events and found clear diurnal trends:
instrumentalness and acousticness tend to increase during
the day, while energy, valence, and tempo decrease toward
nighttime. Despite the much smaller and localized scope of
our dataset, the similarity in these daily fluctuations supports



Morning (6-12) Afternoon (12-20)

Evening (20-23) Night (23-6)

liveness 1
instrumentalness 4
acousticness 4
valence q
speechiness 4
loudness 1
danceability
energy

tempo -

-0.1 0.0 0.1
Relative difference

-0.1 0.0
Relative difference

0.1

-0.1 0.0 0.1
Relative difference

-0.1 0.0 0.1
Relative difference

Fig. 6. Relative difference in audio feature values during times of the day. Blue indicates a relative decrease, and red indicates a relative increase.

the validity of our habit detection approach. Together, these
results suggest that even at the individual level, mood-linked
listening habits reflect the broader diurnal musical preference
patterns observed globally.

V. CONCLUSIONS

In this paper, we present a method to derive a day-by-day
weekly emotional flow of a user based on music listening
history. To this end, we applied both supervised and unsu-
pervised machine learning techniques. We tested the proposed
approach on the anonymously shared listening histories of 14
real users, obtaining results consistent with previous related
studies and suggesting applications in clinical monitoring and
music recommendation.

Future work could explore non-linear dimensionality reduc-
tion methods, such as UMAP, alternative clustering algorithms
like OPTICS with spatio-temporal extensions, and techniques
that adapt to evolving user behavior over time to improve habit
detection. Finally, direct validation with users or practitioners
(e.g., psychologists) would provide valuable insight into the
method’s real-world effectiveness.
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