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Abstract

Music is an important component of the development
of human culture and often holds itself as an identifying
or character-building factor for many individuals. With the
advent of technology, recommendation systems for music
have become commonplace for the average listener. How-
ever, unfortunately, many of these systems or platforms of-
ten cannot fulfill the emotional requirements of individu-
als; instead often opting more for filtering or history-based
algorithms in comparison to user mood-based recommen-
dation systems [10]. In this paper, we propose a modi-
fied mood-adapted content-based filtering model to pro-
vide a recommendation system using the Spotify API based
on a decision-tree mood-labeled song dataset along with
a dataset of users and details about the songs that they
have listened to. We were able to develop a mood-adapted
content-based filtering model that was successfully able to
match the accuracy of more traditional models, thus able
to show that we were able to incorporate adaptive factors
into content-based filtering models without a loss in perfor-
mance.

1. Introduction

Music, a timeless and integral element of human culture,
has played an important role in shaping both societal norms
and the identities of individuals. Its impact extends beyond

just entertainment, often being a powerful means of expres-
sion of emotional state and connection. In the modern dig-
ital world, new technology has changed how we listen to
music, with apps recommending songs we might like.

Music is a subjective and emotional experience, and
while most music recommender systems excel in leverag-
ing user histories and preferences, a notable gap exists con-
cerning their ability to address the emotional nuances in-
herent in music appreciation. As noted by Rentfrow [11]
and Gosling [7] (2003), music preferences are intrinsically
tied to an individual’s personality and can be used to make
judgments about their character and temperament. There-
fore, a simple comparison of songs using metadata and user
behavior history is not sufficient for comprehensive music
recommendations.

To address this emotional aspect, new human-centered
approaches like an emotion-based model and context-based
model have been proposed. By considering affective and
social information, these models largely improve the qual-
ity of recommendations as stated by Yading Song et al.,
2017 [14]. The emotion-based model helps in identifying
emotional states that can be linked to specific song features,
such as tempo, lyrics, or harmony. On the other hand, the
context-based model understands the environment in which
users are listening and can identify mood shifts based on
music selections.

Despite the advantages of these models, some challenges
remain in implementation or evaluation. For example, es-



tablishing an objective evaluation method for music recom-
mendation systems is still a complicated process. Most of
the evaluation techniques are based on subjective system
testing, wherein users rank different systems based on the
playlist generated by various approaches [12]. According to
Yading Song et al., 2017 [14], this subjective nature is one
of the major drawbacks of evaluating recommender systems
in music. Additionally, the availability of data and compu-
tational resources are also the major challenges that could
hinder the implementation of more advanced algorithms to
address this gap in music recommender systems.

Music recommender systems need to address the emo-
tional nuances inherent in music appreciation, which could
recommend suitable songs to the users. Context-based mod-
els and emotion-based models, both of which take into ac-
count the affective and social aspects of music enjoyment,
are promising approaches for capturing these emotional nu-
ances. However, there exist challenges with implementing
and evaluating these models, such as data availability and
the subjective nature of evaluations, which could hinder
their widespread adoption.

1.1. Motivation

With the vast array of music that is now available freely
online, there is a growing need for a more personalized mu-
sic experience for users who often may find it challeng-
ing to discover new songs that align with their tastes and
moods. As such, there have been several attempts and de-
veloped models that have aimed to recommend personal-
ized songs to users, starting from collaborative systems-
based approaches in the 90s with the introduction of models
like Ringo [13] and music content-based approaches [15].
Contemporary and more sophisticated models have either
expanded on these initial techniques or created hybridized
methods.

However, many models that are currently in use are of-
ten generalized to be able to appeal to a wider user base. Our
motivation for this study was due to our importance in un-
derstanding the emotional factors that humans have which
can intrinsically affect what sort of music that they would
want to listen to.

While many existing emotion-based models match the
moods of songs to the current mood of listeners, we wanted
to expand on this with a modified hybrid recommendation
model that provides songs to users based on the trends of
songs that they listen to under a certain mood rather than
simply linking song moods to user moods. Such models will
be able to provide users with songs that match their current
mood and also take into account their listening history to
give more personalized recommendations.

We realized some of the shortcomings that current
content-based filtering methods have. They rely on the ex-
traction of content features in music, such as its musical

content and its features, and find its relation to the number
of times a user may have listened to a song with certain
weights attached to each user to indicate their preference
for certain features [3]. This means that mood is not incor-
porated into such a model, but rather it is only based on how
many times a user listened to a particular song. To fulfill our
motivation to incorporate user mood into our recommenda-
tion system, we decided to modify this content-based model
to include varied mood weights for each user as well.

2. Methodology
2.1. Mood Based Dataset [5]

In this section, we address the issues regarding data se-
lection and processing. We begin with a thorough descrip-
tion of the dataset and then go on to explain our labelling
strategies. The Spotify dataset has 19 features; the features
are: valence, year, acousticness, artists, danceability, dura-
tion_ms, energy, explicit, id, instrumentalness, key, liveness,
loudness, mode, name, popularity, release_date, speechi-
ness, tempo and mood_prediction. There are 170,653 songs
overall from 34088 artists. It contains newly released songs
and old songs; that were released from the year 1921 to
2020. We used one hot encoding for representing the non-
numeric features.

Not all of these features are equally important for pre-
dicting the mood of the song. Large models suffer from a
problem called the curse of dimensionality, which means
the performance of the model is adversely affected by the
large dimension of the input data. Therefore it is essential
for us to carefully select them, so as not to underfit the
model or to suffer from high dimensionality.

2.1.1 Feature selection

We want to objectively decide how many features to se-
lect. For that, we used Recursive Feature Elimination [17]
(RFE). RFE helps us choose the number of features that are
most relevant to predicting a feature and also the model used
to predict the feature. A brief description of RFE follows.

RFE operates as a wrapper-type feature selection algo-
rithm, distinguishing itself by incorporating a distinct ma-
chine learning algorithm at its core. Unlike filter-based fea-
ture selection methods that evaluate each feature indepen-
dently based on a score, RFE actively involves the selected
machine learning algorithm in the process of feature selec-
tion.

Essentially, RFE functions as a wrapper-style feature se-
lection algorithm with an inherent reliance on filter-based
feature selection mechanisms. The algorithm initiates its
search for a subset of features by commencing with all
features present in the training dataset, and systematically
eliminating features until the desired number is reached.
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Figure 1. Model comparisons for number of features

The procedure involves fitting the designated machine
learning algorithm, ranking features by their importance,
discarding the least important ones, and subsequently re-
fitting the model. This iterative process continues until the
specified number of features is retained.

Figure 1 compares the number of optimal features for
mood prediction according to different models. It is difficult
to reason about which model to use for feature selection.
Therefore, we have tried it with a decision tree classifier,
logistic regression, perceptron and gradient boosting clas-
sifier. None of the models show any clear trend about the
number of features, except perceptron which gives higher
accuracy with more number of features. This result is prob-
lematic, since it does not give us an optimal number of fea-
tures, and therefore opens the door for further exploration
and manual feature selection.

Firstly we select out some features based on intuition.
Such as album, song write, etc will lead to overfitting and
therefore deemed unnecessary. Then we find the correla-
tion coefficient of each of the remaining features with the
moods, to see how strongly the features affect the mood.
From Figure 2 we can see that some features have a very
low correlation with the mood. Namely, key, popularity, and
time_signature seem to have very low correlation with all
the moods, therefore we do not include those in our train-
ing.

2.1.2 Labelling

We decided to use the decision tree classifier for pre-
dicting. We select nine as the number of features. The RF
algorithm picks the nine most significant features and trains
the decision tree [2]. Decision trees are powerful models
that leverage a tree-like structure to make decisions or pre-
dictions by recursively splitting the dataset based on feature
conditions, allowing for a comprehensive analysis of com-
plex relationships within the data. Table 1 shows that the
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Figure 2. Correlation coefficient between mood and song features

Mood Count
Sad 81728
Happy 47404
Energetic 21457
Calm 20064

Table 1. Count of Each Mood

count of moods in the dataset is skewed. It is worth pointing
out that the predictions differ slightly based on the model
we use; this is one unresolved issue in our paper.



2.2. Recommendation System

2.2.1 Dataset

Both Collaborative Filtering and Content-Based Fil-
tering require a dataset with listening counts that can
represent a user’s preference for music. We obtained a
dataset of 10000 unique songs with 76353 unique users,
which also contains information about how many times
a user listened to a specific song within the dataset.
(https://www.kaggle.com/datasets/anuragbanerjee/million-
song-data-set-subset) Accordingly, we have built a user-
item matrix to create filtering data for the recommendation
system.

2.2.2 Mood-Adapted Content-Based Filtering

Among the typical methods of recommendation systems,
the most used method is collaborative filtering, which is a
method that can predict how much a specific user may have
a preference for a new item through a preference correlation
between multiple users and multiple items.

Among them, model-based collaborative filtering uses
machine learning algorithms to predict the preferences of
items that users have not yet evaluated. It is based on the
idea that a user’s preference can be determined by latent fac-
tors for users and items. In this way, the user-item estimated
matrix can be extracted by using a matrix decomposition
such as SVD decomposition [9] that predicts the preference
for a new item.

In the case of a music recommendation system, there is
a problem referred to as “’cold start”: it fails when no usage
data is available, so it is not effective for recommending
new and unpopular songs. [16]. As such, a content-based
recommendation can be more efficient due to the clarity
of the features of each item(song). Therefore, we adopted
content-based filtering as our chosen methodology for mu-
sic recommendation.

The next process involved making recommendations
based on the mood of each song. Since the existing recom-
mendation system does not make recommendations based
on the mood of the music the user wants to listen to, we
made this possible by adding a latent-set matrix that varies
depending on different moods. A particular mood can be se-
lected with a one-hot encoded mood vector and added to the
user-latent vector. Thus, we refer to our model as a mood-
adapted content-based filtering.

Figure 3 illustrates the overall structure of mood-adapted
content-based filtering. Unlike content-based filtering origi-
nally considered only the user’s latent vector p and the fixed
song’s feature g, we now keep the latent vector in the base
and add one more vector set matrix that varies according to
the mood. In this way, p becomes a term that considers the
user’s preference for all songs, and each M, vector becomes

v Song v

v
Calm Sad
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Figure 3. Mood-Adapted Content-Based filtering

a term that is reflected only in the user’s specific mood con-
dition.

2.2.2.1 Base Approach

Spotify provides 14 features for songs through its API.
[6] As described in Section 2.1.1, we extracted a 9-
dimensional song feature vector from this data to extract
mood. Let p be the vector to represent the user’s latent vec-
tor and g be the feature vector for the song. Let M be the
9*4 matrix that is selected differently row-by-row depend-
ing on mood and vector v is a one-hot encoding vector to
represent the mood. Let C' be the number of times the user
listened to the song with feature g. Then the loss function
can be defined as follows:

L=|C—q"(p+ Mv)3 (1)

2.2.2.2 Adding Neural Network

If we simply set the dimension of the latent vector p to
the number of song features, the number of dimensions is
small, so even if we filter by inner product, the estimation
is inaccurate. To solve this problem, we added a fully con-
nected layer to the mood-adaptive filtering to increase the
number of variables to be learned, and when we evaluated it
after applying it, we could see that the error rate of the test
set was noticeably reduced. Our final loss function to cal-
culate the process of content-based filtering with a neural
network can be represented as follows.

L=|/C—NN(q,p+ Mv)l|3 )

We calculate the loss by weighting the variation over the
set of M matrices by the latent vector p to measure the pref-
erence of a particular user for a new song. Filtering is per-
formed by minimizing the loss at each epoch, and the over-
all mood-adaptive content-based filtering can be expressed
as follows.

(p*, M™) = argﬁinzL(p, M, v,q;) 3)
P i



2.2.3 Evaluation

Since a small listening count for a particular song could
indicate that a user listened to and decided that a song was
not of their preference, we created the assumption to inter-
pret this as a low preference for the song by a specific user.
We then sorted the user’s song listening counts in such a
way that half of the songs were the user’s preferred songs,
while the other half was not the user’s preferred songs, from
our previously stated assumption.

We predicted the listening counts of songs in the test set
according to the learned p* and M*, sorted them, and mea-
sured the hit rate to see how many songs with a median of
the predicted listening count or higher were included in the
user’s preferred song group.

Other metrics used by recommendation systems other
than hit rate include root-mean-square error (RMSE) and
Precision@K [4]. However, we decided that hit rate is a
better metric than these methods due to the characteristics
of the listening count being continuous rather than discrete,
leading to an easier expression of how satisfied the user is
with the recommendation system with the ratio of liked to
disliked songs within the outputted recommended song list.

We can estimate the user’s preference for the new song
from p*, M* shown above. If the current user wants to listen
to a song represented by the mood of v, the preference of the
user for a song with the characteristics of q can be expressed
as follows.

Ei :NN(qz'7p*7M*U) (4)

The listening count is not discrete, as it is not a metric
of whether the user likes a song or not, but rather continu-
ous data of how many times a user listened to a song. Thus,
rather than a metric like Precision @K, we normalized the
listening count to the maximum number of times a user lis-
tened to a song and measured the accuracy as the error rate
of the difference between the actual value and the predicted
value.

Accuracy(%) = (1 — \EZTQD x 100 Q)
3

In addition, the dataset contains counts of how many
times a particular user listened to each song, from this we
sorted by count, and considered songs with counts above the
medium listen count as perferred songs while those below
as non-preferred songs. From the total set of user data, we
selected 10% to be used in our testing phase. We defined hit
rate to be the proportion of actually preferred songs within
the predicted preferred songs of the test set. Letting C; be
the actual number of times the songs in each test set were
listened to, we measured the Hit Rate of our recommenda-
tion system as follows.

n({C; > Med(C)} N{E; > Med(E)})

HitRate = n({E; > Med(E)})

(6)
3. Evaluation

3.1. Code Explanation

To give weights to every feature of each song in a pro-
portional manner, we first normalized all features. Within
our dataset, the largest number of unique songs listened to
by a single user was 600 songs. As we have limited data, we
implemented 5-fold cross-validation. We also set the epoch
count to 500 using mini-batch gradient descent with Adam
optimization [8]. For the neural network, we structured a
multi-layer perceptron with fully connected layers. We set
the size of the 2 fully connected layers as (number of fea-
tures)*(hidden size) and (hidden size)*1 respectively and
the non-linear function as ReLu function [1]. For the loss
function, we used mean squared error and for accuracy, we
used distinction rate. Finally using testing data, we could
obtain hit-rate.

We did this procedure for content-based filtering (Figure
4), content-based filtering with the additional neural net-
work (Figure 5), and finally mood-adaptive content-based
filtering with the additional neural network (Figure 6).

3.2. Results

By training, we were able to set the hyperparameters. For
learning rate, le-3 was found to be suitable. By setting the
hidden size as 20, we achieved the highest accuracy while
avoiding overfitting.

As shown in the error rate, we can see that its value de-
creases with training across all three models. In the case
of the first model, content-based filtering, we can see that
the validation error does not decrease after a certain point,
which can be interpreted as the limit of the model. Since
it was trained with 10 trainable variables corresponding to
each feature number, even if the optimal solution was found,
the error was large due to the limitations of the model. For
the second content-based filtering with the additional neu-
ral network, we were able to increase the size of the model
through the neural network. As a result, we can see that the
training error and validation error converge as shown in the
graph. The final validation error of the content-based filter-
ing with the neural network was 46.2, so we viewed this as
a meaningful result. Finally, for the mood-adaptive content-
based filtering with the neural network model, we can see
that the validation loss converges just like the content-based
filtering with the additional neural network. The final vali-
dation error was 51.3, which is similar to the second model.
Thus, we can see that the model with mood adaptive can
perform similarly to the existing model.



3.3. Hit Rate

We also measured the accuracy of the recommendation
system during the training process by calculating the hit rate
using the test data for every 50 epochs. As a result, we ob-
tained the following hit rates for each model. (Figures 7,8,9)

In the case of the content-based model, the results were
not high, as mentioned in the loss function. The hit rate ob-
tained through the test data was 0.55, which is practically
meaningless. In the case of content-based filtering with the
neural network, the hit rate tended to increase. From this,
we can infer that the process of learning with MSE has a
significant relationship with the recommendation process.
In the end, we achieved a result of 0.62. Finally, for the
mood-adaptive version, we found that the hit rate tended to
increase for each epoch, just like the content-based filtering
with the neural network. The final result is also 0.592, which
shows that the mood-adaptive model can be as accurate as
the traditional model.

3.4. Result Analysis

In the case of the most basic method, the content-based
model, we could see the limitations of the model due to lim-
ited variables, and in the case of the neural network model,
which we devised to solve this problem, we were able to de-
sign a model that can reduce the loss while adjusting the size
of the model and prevent overfitting. We were able to con-
firm that the neural network had a significant impact on the
performance improvement in the hit rate, and this showed
that the recommendation model through the neural network
was suitable. Under these conditions, we compared the per-
formance of the model with mood-adaptive and the existing
neural network. In the case of performance comparison, the
mood-adaptive model considers the mood of the song as the
current mood when calculating the preference of the song.
In conclusion, we found that the two models performed sim-
ilarly, indicating that the mood-adaptive model is also suit-
able for recommendation models.

In the case of the mood-adaptive model, more variables
need to be trained as the variable related to mood is added to
the existing model. In addition, it can be assumed that ran-
domness plays a larger role than in the conventional model
because the variables to be learned are selected according to
the data in the batch. This characteristic can also be seen in
the unstable behavior of the graphs. It was possible to solve
this problem to some extent by increasing the data and batch
size, we can extrapolate this behavior to conclude that this
problem can further be solved with more data.

In the case of music recommendation by selection of the
desired mood, we could see that different moods produced
different results even for the same person. We could also see
that songs other than the selected mood could be displayed
when calculated according to individual preferences.
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4. Conclusion
4.1. Summary of the research process

It was expected that content-based filtering would pro-
duce results that better reflect the user’s preference as the

features of the song are considered more than collaborative
filtering.

The challenge of how well the recommendation system
can reflect the mood of the song that the user wants was
addressed by devising a new content-based filtering method
that can be adjusted to learn according to each mood con-
dition by reflecting the variance by mood in the user-latent
vector.

Since the dataset is not discrete data regarding whether
the user likes the song or not, but continuous data of how
many times the user listened to the song, we measured ac-
curacy as the error rate of the difference between the actual
value and the predicted value after normalizing the listen-
ing count to the maximum number of listens, rather than a
metric such as Precision@K.

Apart from accuracy, we also measured hit rate by con-
sidering songs with a song listening count greater than the
median value as preferred songs and songs with a song lis-
tening count less than the median value as non-preferred
songs.

4.2. Summary of findings

In the case of Accuracy, we can see that the error rate
is over 300% in the early epochs of learning which then
converges to 50

In the case of hit rate, we can predict that it easily ex-
ceeds 50% even with random picking as we can see that the
songs in the dataset have a ratio of 50:50 favorite to non-
favorite respectively. In our model, the hit rate was around
70, which we can conclude is significant.

In the end, it was verified that our new filtering method,
which considers the challenging part described above, can
be used in a recommendation system. We expect that the
results of this study can be used as a base method for com-
plex recommendation systems with continuous data, where
the results should be varied according to the changing re-
quirements of users.
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