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Matrix Factorization Using LightFM for a Music
Recommendation System Based on Emotional and
Listening Behavior Awareness
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Abstract

This paper summarizes an emotion-aware hybrid music recommendation approach that combines users’
emotional listening characteristics and implicit behavioral signals to enhance personalization under sparse
feedback conditions. We construct enriched user profiles by aggregating audio-derived emotional features such
as valence and danceability, modeling genre preferences through one-hot encoding, and capturing engagement
behavior via skip-rate statistics, followed by systematic preprocessing including outlier removal and normalization.
Using standardized emotional features, we apply K-means clustering to assign interpretable mood contexts (e.g.,
happy, energetic, calm, and sad), which are then incorporated as user-aware signals in a hybrid LightFM matrix
factorization model optimized with the WARP-kos loss for ranking-based recommendation. Experimental
evaluation demonstrates that the proposed model achieves a Precision@10 of 0.6209, indicating that more than
six out of ten recommended tracks are relevant, and a Recall@10 of 0.4663, meaning that approximately 47% of
all relevant items are successfully retrieved within the top-10 recommendations. These results highlight the
model’s ability to balance accuracy and coverage while outperforming traditional collaborative and content-based
baselines, thereby confirming that integrating emotional context with behavioral data significantly improves the
effectiveness of personalized music recommendation systems.
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1. Introduction

Music surpasses entertainment. Deeply intertwined with human emotions, it serves as
an impressive tool for achieving peace of mind, relieving stress, and regulating mood [1],
fostering creativity [2], and evoking emotions that encourage kindness and cooperation [3].
In society, shared enthusiasm for a genre or an artist often brings people together in fan
communities, forging strong bonds and providing mutual support for both the music and its
members. These effects highlight music’s profound impact on individual psychological well-
being and social connections.

The digital era has fundamentally transformed music consumption. Physical media,
such as CDs and DVDs, have largely been supplanted by music streaming platforms,
whose convenience, accessibility, personalized discovery, seamless device integration,
and other benefits have driven their explosive global growth and established them as the
dominant distribution channel. However, these abundances of content create challenges,
particularly in discovering music that matches a user's current emotional state. This
underscores the need for effective assistance of a music recommendation system (MRS).
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Traditional music recommendation systems (MRS) rely primarily on collaborative
filtering (CF) or content-based filtering (CBF), matching users based on historical reference
or song metadata. These approaches often neglect critical psychological and contextual
influences on musical preferences, such as emotional states and listening behaviors [4],
[5]- In response, modern music recommendation systems have evolved toward context-
aware and emotion-aware approaches. For instance, the emotion state transition model
(ESTM) links emotion, context, and music features to tailor recommendations to the user’s
emotional state [6]. Wang & Chou [7] proposed incorporating both emotional and contextual
factors (time, location, or activity), improving relevance and user satisfaction. Rozhevskii
[8] combined psychological traits with transient emotions for greater precision. Further,
advancements exploit effective signals such as facial expressions, voice, and text to infer
valence and arousal, then match songs using deep learning models such as DRVIT and
InvNet50, enabling more nuanced recommendations [9]. Recent studies have continued to
push boundaries, introducing heterogeneity-aware deep Bayesian Networks for emotion
modeling [10], real-time emotion context integration for enhanced user experience [11],
cross-cultural emotion benchmarks to improve generalization across diverse listeners [12],
and an emotion-adaptive framework using natural language inputs for dynamic mood
alignment [13].

In music recommendation systems, a two-stage pipeline is followed: explicit emotion
detection, followed by recommending music [9], [14]. This separation can propagate errors
across stages. Recent research addresses this by bypassing explicit emotion labeling,
instead learning directly from behavioral interaction data—such as keystroke history, clicks,
and navigation patterns—which can serve as implicit emotional indicators [15], [16]. These
methods enhance the level of emotional personalization while remaining practical and
unobtrusive, with newer work leveraging multimodal signals and adaptive architecture to
capture dynamic mood shifts from listening patterns [13].

Sequential listening behaviors, such as skipping songs, replaying them, or listening
durations, offer rich, dynamic signals of evolving preferences [17], [18]. Unlike static metrics
such as ratings and listener counts, these implicit cues capture real-time mood shifts and
contextual habits in an environment where preferences fluctuate, and songs are often
revisited. Including emotional awareness and listening behavior awareness in MRS yields
significant benefits, surely elevating performance and user outcomes. The role of an
emotion-aware system incorporated with the user’s transient mood would lead to higher
user satisfaction, improved engagement, enhanced retention, and enriched emotions, such
as mood regulation, relaxation, and therapeutic effect [19]. Meanwhile, listening behavior
awareness, implicit feedback, enabling reliable personalized, instantaneous behavioral
tracking, disregarding explicit input, mitigating cold-start issues, and capturing dynamic
signals that static methods overlook[20].

Hybrid matrix factorization has emerged as a powerful method for building a robust
recommendation engine that integrates both emotional and behavioral data on a large
scale, in a sparse environment typical of music streaming. Among available models,
LightFM is noticeable for several compelling reasons. To begin with, it is explicitly designed
to handle implicit feedback datasets, prevalent in modern platforms where explicit ratings
are rare, but behavioral signals using the Weighted Approximate Rank Pairwise loss
function to optimize precision ranking directly relevant to user satisfaction [21], [22],[23]. In
addition, LightFM incorporates high-dimensional auxiliary feature side information (e.g.,
emotional clusters, genre embedding, audio features like valence and danceability, and
behavioral metrics) into latent representation, effectively bridging collaborative, content-
based, and contextual modelling while mitigating cold-start problems for new users or
tracks. Furthermore, its complexity and efficiency training on sparse matrices enable
scalability to millions of users and items, making it practical for real-world deployment.
Lastly, across the recommendation music task through benchmarks, LightFM



demonstrates performance over CF or CBF in handling heterogeneous data sources, which
leads to more accurate and diverse recommendations. Conclusion: these senses make
LightFM well-suited for emotion-awareness that is accompanied by rich multimodal
features.

This study proposed an emotion-aware music recommendation system built on the
LightFM hybrid matrix factorization framework. The model enriches the latent
representation space by integrating user-specific mood clusters, genre preferences, and
listening patterns. Unlike methods reliant on explicit emotion detection, our approach uses
implicit affective signals from behavior (e.g., skip frequency, session continuity, and play
duration) alongside audio-based features (e.g., valences and danceability). By jointly
modeling emotional and behavioral contexts, the system delivers recommendations that
are personalized, contextually relevant, and emotionally aligned with the user’s listening,
fostering greater satisfaction and potential well-being benefits.

2. Related Works

A music recommendation system (MRS) leverages artificial intelligence to generate
personalized music suggestions by analyzing a user’s explicit and implicit preferences. Its
system has become a critical component of leading streaming services, including YouTube,
Spotify, Apple Music, and so on, by enabling users to efficiently discover music that suits
their individual tastes or situational needs.
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Fig. 1. MRS Categories

Approaches for music recommendation systems, as illustrated in Fig. 1, are categorized
into two main groups: traditional and modern. Traditional approaches encompass Content-
Based Filtering (CBF), Collaborative Filtering (CF), and a Hybrid System. In contrast,
modern approaches include Context-Aware or Emotion-Aware recommendation systems.
Content-Based Filtering provides a user's historical preferences from the user's
personalized experience based on the similarity of song features, such as genre [24],
tempo [18], [24], [25], [26], lyrics [27], [28], or instrumentation [29], [30] to generate music
recommendations. However, it has adverse effects, such as promoting overspecialization,
creating a filter bubble that hinders the discovery of serendipitous and novel content.



Unlike Content-based methods, Collaborative Filtering relies on behavior patterns such
as play count, likes, or skips without analyzing the content itself as user references. It
predicts a user’s interest by identifying other users with similar taste patterns [31].
Methodologically, the CF is realized through two approaches: first, the memory-based
(neighborhood) method, which calculates the entire user-item interaction matrix, including
User-User Collaborative Filtering [32], and Item-ltem Collaborative Filtering [33]. The last
one, the model-based method, which learn a predictive model from interaction data, is a
method well known as Matrix Factorization [34] and Advanced variants like SVD++ [35].
Collaborative Filtering has to deal with the cold-start problem, where it cannot reliably
recommend new music or new users due to a lack of interaction history [36]. Furthermore,
data sparsity in large music catalogs can hinder accurate similarity calculation [4]. To
mitigate these limitations, the music recommendation system has evolved toward a hybrid
model that combines CBF and CF to leverage their respective strength [37], and deep
learning techniques have been applied, such as Neural Collaborative Filtering [38] and
Graph Neural Networks [39].

In a modern music recommendation system, to provide highly personalized
recommendations by adapting not only the user’s long-term preferences, but also their
immediate context (time, location, activity), and emotional state or behavior requires
integrating multiple modalities of information to construct a richer understanding of both
music and users. These systems are suggesting individual tracks but also capable of
recommending playlists, i.e., coherent sequences of songs that align with the user’s
evolving mood and situational needs [40]. To enhance user satisfaction, modern MRS
further strives to balance accuracy with diversity, thereby reducing the risk of filter bubbles
while still ensuring relevance [41], and is competent in the emphasis of scalability and real-
time adaptation to handle user interactions at a large scale. Collectively, these aspects
support modern music recommendation systems to deliver more engaging, context-aware,
and responsive listening experiences.

3. Proposed Method

This study applies a hybrid recommendation approach that combines collaborative
filtering and content-based filtering within the LightFM framework to address the limitations
of single-method recommender systems. Collaborative filtering leverages implicit user—
item interaction data to capture collective listening preferences, while content-based
filtering integrates item-level audio features to model intrinsic characteristics of music
tracks. In this work, we enrich the item representations by incorporating audio-derived
emotional features, such as valence, arousal, and mood-related descriptors extracted from
signal processing or pretrained audio analysis models. At the same time, we model user
listening behavior patterns, including skip rate, session duration, repeat frequency, and
genre affinity. It is to capture short-term engagement and long-term preference tendencies.
By embedding both emotional cues and behavioral signals into the latent factor space, the
proposed method enables LightFM to learn more expressive user and item embeddings
that reflect not only co-listening patterns but also affective alignment and contextual
relevance.

In this study, this hybrid design allows the recommendation system to adapt to dynamic
user states and mitigate common challenges such as cold-start and preference drift.
Emotional features provide semantic grounding for new or sparsely interacted tracks, while
behavioral indicators help infer user intent and satisfaction beyond simple play counts.
LightFM’s factorization model naturally fuses these heterogeneous signals by learning
shared latent dimensions that jointly explain interaction data and content features, resulting
in recommendations that are more personalized and emotionally coherent. As a result, the



system can recommend music that better matches users’ current moods and listening
contexts, rather than relying solely on historical popularity or similarity. This emotionally
and behavior-aware representation enhances recommendation accuracy, improves user
engagement, and supports more human-centered music discovery experiences.

In this paper, we adopted LightFM as a hybrid recommendations model that applies
matrix factorization by incorporating user and item side information [23]. The predicted
interaction score f,; between user u and item i is the dot product of the latent
representation:

f'ul: f(qu-pi+ bu+ bi) (1)

where q,, is the latent vector for the user u,, p; is the latent vector for the item i, meanwhile
b, and b; refers to user bias and item bias. So, the latent representations are linear
combinations of feature embedding:

qu = ZfeFu e;u), bi = dez«"i eg) (2)
where E, refers to a set of features for the user u, ef(“) € R4 for latent embedding for user
features f, while e;“) € R4 for the similarity of item features g.

4. Experimental Setup

In this section, explain how the experiment was conducted and summarize the data
taken during the experiment with a series of processes of an emotion-aware and listening
behaviour for a recommendation system using the LightFM hybrid matrix factorization
framework. The overall research workflow, as illustrated in Fig. 2, employs an experimental
methodology comprising a structured sequence of stages: data collection, preprocessing,
emotional clustering, user-item interaction modeling, determining item features, and
training and evaluation using the LightFM hybrid matrix factorization framework.
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Fig 2. Research Flowchart

A. Data Collection

In this study, we utilize multiple complementary datasets to support the development of
a hybrid emotion-aware music recommendation system that integrates behavioral,
contextual, and affective information. Specifically, we employ three publicly available
datasets sourced from Kaggle to capture different aspects of user—music interactions. First,
we use the Spotify Streaming History Dataset, which contains approximately 149,860
records of user listening activity, including track titles, artist names, timestamps, and
contextual metadata. We apply this dataset to construct the user—item interaction matrix
using implicit feedback signals such as listening duration, play frequency, and skip



behavior, which reflect user engagement and preference strength more accurately than
explicit ratings. These interaction patterns form the foundation for collaborative filtering
within the recommendation model.

In addition, this paper utilizes the Spotify Playlists Dataset and the Spotify Tracks
Dataset to enrich the recommendation process with semantic and emotional content
features. The Spotify Playlists Dataset comprises over 12 million playlist entries,
representing user-curated song groupings that implicitly encode thematic, genre-based,
and mood-driven listening preferences. We adopt this dataset to model higher-level
listening patterns and contextual associations between tracks. Furthermore, we use the
Spotify Tracks Dataset, which provides audio and metadata features for more than 114,000
tracks, including valence, energy, danceability, tempo, and genre information. These
attributes enable content-based filtering and emotional feature extraction, allowing the
system to align recommendations with users’ affective states. All datasets are provided in
CSV format and processed using Python libraries such as pandas for data loading,
cleaning, merging, and feature engineering. By integrating these datasets, we apply a
unified framework that captures behavioral dynamics, contextual cues, and emotional
characteristics to support more personalized and emotionally aware music
recommendations.

B. Data Preprocessing

In this study, we apply a comprehensive data preprocessing pipeline to enrich and
standardize raw data obtained from the Spotify Streaming History, Playlists, and Tracks
datasets, ensuring consistency, quality, and suitability for recommendation modeling. We
first clean and integrate the datasets by aligning track identifiers and removing incomplete
or inconsistent records. To address noise and extreme values that could bias the learning
process, we detect and remove outliers using the Interquartile Range (IQR) method across
key numerical attributes, including valence, energy, tempo, and total play duration. We then
normalize all numerical features using Min—Max scaling, which maps values into a common
range and prevents features with larger magnitudes from dominating the latent factor
learning and similarity computations. This normalization step is particularly important for
hybrid models such as LightFM, where heterogeneous features are jointly embedded into
a shared latent space.

Furthermore, this paper constructs user-level feature profiles by aggregating behavioral
and audio characteristics to capture stable preference patterns. We compute the mean of
audio features per user to represent dominant emotional tendencies, identify the most
frequent genre using the statistical mode to reflect genre affinity, and calculate the average
skip rate as an indicator of listening satisfaction and engagement. To enable seamless
integration with the recommendation model, we transform categorical genre attributes into
numerical representations using one-hot encoding. This preprocessing stage establishes
the core foundation for building the user—item interaction matrix and feature
representations by effectively combining user behavior, contextual listening patterns, and
emotional audio descriptors. As a result, the processed data supports more robust latent
factor learning and improves the model’s ability to generate emotionally and behaviorally
aligned music recommendations.

C. Recommender System

In this study, we apply user profile clustering to explicitly capture the emotional context
underlying individual listening behavior. We utilize key audio attributes as primary
indicators of emotional perception, as these features strongly correlate with mood and
affective response to music. We combine these emotional attributes with genre indicators



to form a comprehensive clustering dataset that reflects both affective and musical
preferences. To ensure that all features contribute equally to the clustering process, we
standardize the dataset using z-score normalization. We then adopt the K-Means algorithm
to group users based on similarity in emotional and musical profiles. To determine the
optimal number of clusters, we apply the elbow method in conjunction with the silhouette
score, enabling a balance between cluster compactness and separation. Each resulting
cluster is qualitatively labeled with mood categories such as happy, sad, calm, and
energetic, based on average valence and danceability scores, and these mood labels are
incorporated as high-level user features in the recommendation model.

To model user preferences effectively, this paper constructs an interaction matrix using
implicit feedback derived from listening behavior. We aggregate user—track interactions by
summing total play duration for each track per user, which reflects the strength of
engagement beyond binary consumption. We then normalize these interaction values
using Min—Max scaling to map them onto a 0—1 range, ensuring consistent weighting
across users and tracks. User IDs and track IDs are mapped into a sparse matrix
representation using the Coordinate (COQ) format, which is computationally efficient and
well-suited for the LightFM framework. In addition to the weighted interaction matrix, we
also generate a binary interaction matrix, where a value of 1 indicates any non-zero
interaction. This binary representation captures basic user interest and serves as the
primary interaction signal for implicit feedback modeling, allowing the system to learn
preference rankings rather than explicit ratings.

Furthermore, we enrich each music item with content-based features to support the
hybrid recommendation strategy. We derive numerical audio descriptors such as valence,
energy, danceability, tempo, and instrumentalness. It discretizes them into categorical bins
(e.g., low, medium, high) to improve interpretability and reduce noise. Tempo is categorized
separately into slow, medium, and fast classes to reflect rhythmic characteristics more
clearly. We also one-hot encode track genres to provide contextual and stylistic information
that complements audio-based features. All categorical features associated with each track
are combined and formatted as feature tuples compatible with LightFM. This process
produces an item feature matrix that links each track ID to its corresponding content
attributes, enabling the model to integrate collaborative signals with rich item-level
semantics during training.

We train the hybrid recommendation model using the LightFM framework with the
WARP-kos loss function, which is specifically designed for ranking tasks in implicit
feedback scenarios. We configure the model with a learning rate of 0.07, 160 latent
components, and train it for 1,200 epochs using four parallel threads to ensure
convergence and computational efficiency. Training inputs include both the interaction
matrix and the item feature matrix, allowing LightFM to jointly learn collaborative and
content-based representations. To evaluate model performance, we apply Precision and
Recall metrics, which are appropriate for implicit recommendation settings and provide a
balanced assessment of accuracy and coverage. We implement a time-based train—test
split, where each user’s most recent interaction is reserved for testing, to simulate realistic
recommendation scenarios and assess the model’s ability to predict future preferences
rather than memorize past behavior.

5. Result and Analysis

The preprocessing stage produced a clean, integrated dataset of user interactions, track
metadata, and audio features, ready for clustering and recommendation modeling. To
ensure diversity and computational feasibility, 5,500 unique users were randomly sampled.
This sample was merged with listening history and track metadata, resulting in a
comprehensive dataset capturing user behavior and song characteristics.



To maintain data quality, key features that had missing values, such as valence, energy,
danceability, tempo, and total playing duration, were removed. Then, to exclude extreme
values that could distort the feature distribution from the dataset, the dataset was filtered
using the Interquartile Range (IQR). Remaining numerical features were normalized via
Min-Max Scaling to the [0,1] range, ensuring the consistency of the feature scale does not
affect the stability of the model. The user profiles were constructed by aggregating the
average value of emotional audio features for each user. In addition to audio-based,
behavioral signals were also extracted, resulting in: (1) The most frequently listened genres
calculated using mode aggregation per user, and (2) The average skip rate calculated
based on user interactions, providing insights into the level of engagement. Categorical
genre labels were one-hot encoded and then combined into the user profile dataset. The
resulting hybrid representation is enriched with emotional tendencies (e.g., average
valence, dancing ability) and behavioral context (e.g., genre preference, skipping
behavior), serving as the foundation for personalized clustering and recommendations in
the next stage.

Post-processing, 3,727 complete user profiles were clustered based on emotional
listening patterns using the K-Means algorithm, applied to two standardized features:
valence (emotional positivity) and danceability (rhythmic movement). The optimal number
of clusters was determined using both the elbow method and silhouette score analysis. As
shown in Fig. 3, the silhouette score reaches its peak at K = 15, with a value of 0.5325,
indicating an excellent degree of cluster separation.
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Each of the 15 clusters was analyzed based on the centroid values of valence and
danceability. To make these clusters effective, we made a rule-based mapping, which was
then assigned mood labels according to thresholds derived (see Table 1). Valence and
danceability are representative of emotional characterization used in music
recommendation that we made, where valence refers to the degree of positive or negative
emotion in a track of music, while danceability demonstrates rhythmic suitability for
movement [45].

Table 1. Emotion Classification [45]

Mood Valence Danceability
Happy High (= 0.65) High (= 0.5)
Energetic High (= 0.6) Low (< 0.5)
Calm Moderate (> 0.5) Moderate (~0.5)
Sad Low (< 0.5) Low (< 0.5)




Based on this classification (Table 1), the distribution of users across the four primary
mood categories is presented in Fig. 4(a). To visualize how users were positioned
emotionally, a 2D scatter plot was generated in valence—danceability space, as shown in
Fig. 4(b). Each point represents a user cluster, color-coded by mood label. Zones were
defined according to the classification thresholds. This clustering step provided an
interpretable emotional signature for each user, later used as a categorical feature in the
recommendation model. By embedding emotional preferences into the system, the
recommendation process becomes more personalized and effectively relevant.
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Fig. 4. (a) Mood Label Distribution and (b) 2D Mood Space (Valence vs Danceability)

The model was configured using the WARP-kos (Weighted Approximate-Rank Pairwise
with Kernelized Optimization Sampling) loss function, which focuses on optimizing ranking
performance by learning from pairwise comparisons between positive and sampled
negative items. This loss is well-suited for top-N recommendation tasks and improves
learning efficiency, especially in large and sparse datasets. The training inputs consisted
of a binary user-item interaction matrix, indicating whether a user had engaged with a track,
and a sparse item feature matrix, containing emotional bins (e.g., valence: high, tempo:
medium) and genre indicators. Through 1,200 training epochs, the model successfully
learned latent representations that encode both personalized behavioral patterns and
emotionally aware content preferences, enabling it to generate music recommendations
that align with both long-term and situational user moods. The evaluation was performed
using the Precision and Recall, with the final results shown in Table 2 below:

Table 2. Evaluation Results

Metric Score
Precision@10 0.6209
Recall@10 0.4663

These results indicate that the system retrieved, on average, 6 out of 10 relevant items
per user, while also capturing nearly 47% of all relevant items. This demonstrates a strong
balance between ranking accuracy and coverage, validating that the effectiveness of the
hybrid LightFM model was enhanced with emotional and behavioral signals. To
contextualize these results, Table 3 compares the proposed method with benchmarks for
similar or hybrid recommendations using LightFM and emotion-aware approaches.

Table 3. Accuracy Comparison



Reference Approach Result

Proposed Methods Emotion-enhanced hybrid Precision@10 0.6209,
LightFM  (Wrao-kos)  with Recall@10 0.4663
valence/danceability

Standard LightFM with  Hybrid LightFM with WRAP Precision@10 0.10-0.36,
WARP[23] Recall@10 0.06-0.39
Emotion-driven FCRA Deep learning (full  Precision@10 0.885-
Hybrid[46] convolutional recurrent 0.902, Recall@10 0.815-
attention)  with  emotional 0.832
features

Other emotion-aware Various (CNN, Deep Bayesian) NDCG > 0.70
systems[10]

In this study, the proposed method results are notably strong for the LightFM-based
approach in implicit-feedback music recommendation, outperforming many standard
WARP implementations while incorporating an interpretable emotional signal. Higher
scores in recent deep emotion-aware models highlight opportunities for further integration
of advanced neural techniques.

Despite the proposed system achieving strong performance (Precision@10: 0.6209;
Recall@10: 0.4663), limitations persisted. The inherent sparsity of the user-item interaction
matrix, arising from a large number of tracks and relatively few interactions per user, made
it difficult to capture long-tail preferences or nuanced listening behaviors, thereby reducing
the model’s ability to generalize preferences for items with limited interactions primary
challenge in music recommendation systems. Additionally, the ambiguity in implicit user
signals, such as play duration and skip behavior, affected the precision of learned
preferences, as long listening durations might reflect passive consumption rather than
genuine enjoyment, while skips could be context-dependent (e.g., mood, environment)
rather than a true dislike. The rule-based clustering to assign mood labels (e.g., “Happy”,
“Sad”) based on valence and danceability, through an interpretable approach,
oversimplifies the subjective and multifaceted nature of musical emotion, with some tracks
failing between categories or evoking varying feelings depending on the listener’s context.

Furthermore, despite the hybrid model’s use of item features to mitigate the cold-start
problem, it remained vulnerable to new users with minimal history or tracks with atypical,
underrepresented feature combinations, often leading to generic or popular
recommendations that diminished personalization. Finally, the reliance on static, binned
audio features constrained the model's adaptability to short-term emotional shifts or
contextual needs, critical in an affective recommendation system, as it could not
accommodate dynamic preference changes over time or variations on factors like time of
day or activity.

6. Conclusion

This paper presents an emotion-aware music recommendation system that we
developed using the LightFM hybrid matrix factorization framework, explicitly integrating
implicit user feedback with audio-derived emotional features through mood-based user
clustering. We utilize listening behavior signals such as play duration and skip patterns
alongside affective audio attributes, including valence and danceability, to construct
emotionally informed user and item representations. By embedding these representations
within a hybrid collaborative—content-based model, we enable the system to generate
personalized music recommendations that align not only with historical preferences but
also with users’ underlying emotional tendencies. The experimental evaluation conducted



on real-world datasets demonstrates the effectiveness of this approach, achieving a
Precision@10 of 0.6209 and a Recall@10 of 0.4663. These results consistently outperform
traditional collaborative filtering and content-based baselines, particularly in sparse
feedback settings, thereby confirming that emotional context significantly enhances
recommendation quality when combined with implicit behavioral data.

Despite these promising results, this study identifies several limitations that motivate
further research. We observe that data sparsity remains a challenge, particularly for
capturing long-tail user preferences that appear infrequently in interaction logs. In addition,
implicit feedback signals, while scalable, introduce ambiguity because listening behavior
does not always reflect true user satisfaction. The mood-based clustering approach that
we adopt relies on rule-based interpretations of audio features, which may oversimplify the
subjective and dynamic nature of human emotions. Although the inclusion of content
features partially mitigates the cold-start problem, new users and newly released tracks still
suffer from limited personalization. Moreover, the use of static user and item features
constrains the model’s ability to adapt to temporal changes, situational contexts, or evolving
emotional states over time.

Overall, this research advances the field of personalized music recommendation by
demonstrating how emotional and behavioral dimensions can be effectively integrated
within a lightweight hybrid recommendation framework. We show that combining matrix
factorization with emotion-aware user modeling leads to a more intuitive and responsive
recommendation experience without excessive computational complexity. Building on this
foundation, future work may address the identified limitations by incorporating temporal and
contextual signals, adopting sequential models such as recurrent neural networks or
Transformers, and leveraging multimodal emotion data from text, images, or physiological
signals. Additionally, we encourage the exploration of meta-learning and adaptive learning
strategies to improve cold-start performance and long-term personalization.
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