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Abstract

The growing dependence of teenagers on music streaming platforms has raised significant
concerns about bias, lack of transparency, and declining trust in recommendation systems.
Biased or opaque recommendations can reduce user satisfaction, reinforce inequalities in
content exposure, and hinder responsible personalization. Current music recommendation
research primarily focuses on collaborative filtering and deep learning-based models, which,
while effective in improving accuracy, are typically centralized, privacy-intrusive, and difficult
to interpret. As a result, challenges related to fairness, interpretability, and privacy preservation
remain unresolved. Addressing these limitations is essential to build trustworthy and user-
centric music recommendation systems for teenagers. Federated Learning (FL) emerges as a
promising paradigm to overcome privacy and scalability challenges by enabling decentralized
training across multiple user devices without sharing raw data. While FL preserves user
confidentiality, it still produces complex models that lack transparency. To ensure
accountability and fairness, Explainable Al (XAI) offers interpretability by clarifying how
input features influence recommendations, thereby enhancing user trust and addressing bias.

In this research, we propose an integrated FL-XAI framework for unbiased music
recommendation tailored to teenage users. The framework combines the privacy-preserving
strengths of FL with the transparency of XAl methods, such as SHAP and LIME, to deliver
interpretable, trustworthy, and equitable recommendations. Experimental results demonstrate
that the proposed model achieves an accuracy of 89% with a miss rate of only 11%,
significantly outperforming prior methods [43—50]. This approach not only reduces systemic
bias and protects user data but also provides meaningful justifications for recommendations,
making it more reliable and socially responsible for real-world deployment.

Introduction:

In recent years, recommender systems (RS) have gained significant attention due to their
widespread applications in domains such as e-commerce, tourism, education, entertainment,
and personalized content delivery [1-3]. Among these, music recommendation has emerged as
a particularly influential area, especially for teenagers, where music consumption directly
impacts social identity, emotional well-being, and lifestyle choices [4,5]. Modern recommender
systems, accessible via mobile devices and online platforms, enable users to discover and select
songs tailored to their preferences, thereby enhancing engagement and satisfaction.

Traditionally, recommendation engines have been developed using paradigms such as Content-
Based Filtering (CBF), Collaborative Filtering (CF), and Hybrid Filtering (HF) [6,7]. CBF
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methods rely on user and item features (e.g., age, gender, genre, release year) to suggest similar
content [8,9]. While effective, they struggle when metadata is sparse, limiting their coverage
[4]. CF methods exploit patterns across users’ past interactions but face scalability challenges
and suffer from popularity bias, which often suppresses minority preferences. Hybrid
approaches attempt to combine both but continue to face inherent weaknesses in fairness and
transparency.

Recommender systems are intelligent architectures designed to filter large volumes of
information and provide users with personalized suggestions [10-12]. At their core, these
systems process user data (e.g., preferences, behavior, or demographics) alongside item
attributes (e.g., genre, popularity, or features) to deliver the most relevant content. Figure 1
shows the general architecture of a music recommendation system [13], where contextual
factors such as time, location, season, and weather are combined with music-specific
information like song, artist, album, and playlists to generate personalized outputs. These
inputs are represented through homogeneous and heterogeneous song networks, which are then
utilized to provide real-time recommendations through mobile platforms.
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Figure 1: Recommender system architecture [13]

With the advent of artificial intelligence (AI) and machine learning (ML), recommender
systems have become more sophisticated, employing deep learning models, embeddings, and
sequence modeling to capture complex patterns in user behavior [14,15]. Although these
techniques improve accuracy and personalization, they introduce two critical challenges:
privacy risks and black-box decision-making [16,17]. Centralized architectures collect
sensitive user information including teenagers’ listening histories, preferences, and behavioral
cues on external servers, raising concerns of misuse, security breaches, and lack of user control.
At the same time, deep models function as opaque black boxes, providing little insight into
why specific recommendations are generated, which undermines user trust and exacerbates
issues of bias and fairness [18,19].

To better illustrate how these challenges manifest in conventional systems, Figure 1 highlighted
the typical music recommendation architecture, which integrates both user context (e.g., time,
location, weather) and music attributes (e.g., artist, genre, playlist) to generate personalized
suggestions. While effective in delivering recommendations, such centralized designs remain
vulnerable to privacy risks and interpretability gaps.
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To address the privacy challenge, Federated Learning (FL) has emerged as a promising
paradigm that enables decentralized training of models across distributed devices without
transmitting raw data [20-22]. This ensures privacy preservation [23,24] while also reducing
communication overhead and enhancing scalability in large-scale music platforms. Figure 2
demonstrates the FL-enabled recommendation architecture, where local models are trained
across multiple user devices using contextual and music information, and only model
updates—not raw data—are securely aggregated on the central server to build a global model.
This paradigm safeguards user privacy while maintaining system scalability, making it well-
suited for sensitive domains such as teenage music consumption.
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Figure 2: FL-enabled recommendation architecture

However, while FL safeguards data, it does not fully resolve the interpretability issue, as the
resulting models can still behave as black-box systems. To overcome this remaining limitation,
Explainable AI (XAI) methods are introduced to enhance transparency by providing
interpretable justifications for recommendations [25-27]. Techniques such as SHAP and LIME
allow stakeholders and teenagers to understand the contribution of behavioral, demographic,
or contextual features in driving specific music suggestions, thereby mitigating bias and
fostering trust [28,29].

In this research, a novel Explainable Federated Learning (XFL) framework for music
recommendation systems targeted at teenagers. The framework combines the privacy-
preserving strengths of FL with the transparency and interpretability of XAlI, ensuring that
recommendations are not only accurate and scalable but also unbiased, trustworthy, and
understandable—significantly improving upon the shortcomings of prior approaches.

Literature review:

Multiple researchers have explored recommender systems across domains such as e-
commerce, tourism, and entertainment, with music recommendation being a key focus due to
its strong impact on user experience and behavior. Earlier studies emphasized content-based
and collaborative filtering, while recent works have incorporated machine learning and deep
learning models to enhance personalization and accuracy. Despite these advances, challenges
such as privacy risks, bias, and limited interpretability persist, motivating researchers to
investigate emerging approaches like Federated Learning (FL) and Explainable Al (XAI) for
more trustworthy recommendation systems.
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In this research [30], the authors trace the evolution of music recommendation systems in
addressing the overwhelming growth of digital music content. They categorize major
paradigms—content-based filtering, collaborative filtering, context-aware methods, and hybrid
models—while outlining their respective merits and shortcomings. Content-based approaches
exploit audio features and metadata to reduce popularity bias but remain limited when item
information is sparse. Collaborative filtering builds on user preference patterns yet struggles
with sparsity and the cold-start problem. Context-aware methods add situational elements such
as time, activity, or mood to improve short-term relevance, though their automation is still in
early stages. Hybrid systems integrate two or more paradigms, enhancing recommendation
quality but inheriting issues of fairness, scalability, and interpretability. Overall, the study
underscores the importance of developing more sophisticated, trustworthy frameworks that can
overcome these challenges and ensure accurate, unbiased, and user-centric recommendations.

In this research [31], the authors address the limitations of traditional music emotion analysis
by introducing an advanced framework that integrates Internet of Things (IoT) technology with
deep learning. Specifically, they design a Long Short-Term Memory (LSTM) network
combined with a Sequence-to-Sequence (STS) architecture to capture the temporal dynamics
of music data. The proposed model is rigorously trained and evaluated, achieving promising
results in predicting emotional attributes such as arousal and valence, with low error rates and
reasonable R? values. By overcoming the shortcomings of conventional methods and
demonstrating the transformative role of IoT-enabled architectures, this study provides
valuable insights for enhancing music emotion understanding and offers practical implications
for applications in music recommendation and content creation.

In this research [32], the authors address key limitations in audio-visual emotion recognition,
particularly the inadequate modeling of emotional fluctuations and the complexity of
multimodal signal fusion. To overcome these challenges, they propose an Attentively-Coupled
Long Short-Term Memory (ACLSTM) model that integrates audio- and visual-based LSTMs
with a Coupled LSTM fusion mechanism. A neural tensor network (NTN) is further employed
for attention estimation, enabling segment-based consistency and guiding the fusion of
modalities. Experimental results on the BAUM-I dataset confirm the effectiveness of this
design, with the ACLSTM achieving 70.1% accuracy—surpassing prior approaches. This
contribution is significant as it not only enhances the modeling of temporal emotional dynamics
but also offers a robust framework for multimodal signal integration in emotion recognition
tasks.

In this work [33], the authors emphasize the dominance of deep learning in music emotion
recognition, noting its ability to extract features from raw audio, spectrograms, and multimodal
sources such as lyrics and EEG signals. To overcome the limitations of purely supervised
methods, they propose a two-stage framework that combines unsupervised feature extraction
with supervised emotion detection, reducing reliance on detailed annotations. Models such as
CNNs, RNNs (LSTM/GRU), and transformers are discussed, with particular focus on segment-
level analysis, which captures emotional variations more accurately than whole-song features.
By integrating unsupervised and supervised approaches, the framework achieves improved
robustness and accuracy, advancing state-of-the-art methods in music emotion prediction.
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This study [34] tackles the challenge of modeling the subjective affective content of music,
which complicates both annotation and prediction tasks in retrieval and recommendation
systems. To address this, the authors propose a probabilistic framework that represents music
emotion as a probability density function (PDF) in the valence—arousal (VA) space, thereby
capturing the variability and subjectivity of human perception. Using kernel density estimation
on human annotations, the model learns coefficients linking audio features to emotional
distributions and predicts emotion PDFs for unseen tracks through linear combinations of
training samples. Validated on the NTUMIR and MediaEval 2013 datasets, this approach
outperforms single-point prediction methods by offering a more nuanced and realistic
representation of music emotion, with demonstrated utility in emotion-based music retrieval.

The research [35] established feature extraction and classification methods before proposing a
novel loT-enabled framework for intelligent background music. Traditional techniques such as
Scale-Invariant Feature Transformation (SIFT) for local feature extraction, Support Vector
Machines (SVM) for robust classification, and Fast-RCNN for multi-scale feature detection
are reviewed as benchmarks. Building on these, the authors introduce a middle-level feature
construction algorithm designed to capture contextual information from indoor scene images.
Applied within a smart home environment, this approach achieved a recognition rate of 87.6%,
significantly outperforming traditional methods like Gabor features (~20%) and showing
superior adaptability under challenging conditions compared to saliency-based methods.
Overall, the work demonstrates how integrating deep learning with IoT architectures can
enhance context-aware music recommendation, providing a pathway toward more intelligent
and adaptive systems.

This paper [36] tackles two persistent challenges in music recommendation: the lack of
explainability and the cold start problem. Traditional methods like matrix factorization and
deep learning—based models improve accuracy but remain black-box and struggle with new
users or songs. To overcome these issues, the authors propose SeER, a hybrid system that
combines MF with deep sequence models by transforming MIDI data into time-series
representations. This design enhances accuracy, alleviates cold start limitations, and introduces
a unique feature—personalized explanations through short MIDI segments that highlight why
a song is recommended. SeER thus advances music recommendation by delivering accurate,
interpretable, and user-centered suggestions beyond prior approaches.

Research in [37] emotion-aware music recommendation has increasingly explored how user
affect can be used as the primary driver for personalization. The paper Music Recommendation
System Based on Emotion emphasizes this direction, motivated by the rise of mood-related
challenges during the COVID-19 lockdown where music served as an empathetic companion.
The proposed system detects emotions through facial expressions or direct user input and
employs machine learning models, including Random Forest and XGBoost, to classify song
emotions based on audio features such as energy, acoustics, and instrumentalness. Lyrical
similarity is further incorporated using TF-IDF to refine recommendations. Experimental
validation on real data confirmed the system’s effectiveness, demonstrating that emotion-based
personalization can enhance recommendation accuracy and user engagement.
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Table 1: Comparative Analysis of Music Recommendation Systems with FL-XAI
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Table 1 provides a comparative overview of recent music recommendation studies with an FL—
XAl perspective. Early works such as [30]-[34] explored content-based, collaborative, hybrid,
and emotion-focused models, improving accuracy through multimodal inputs (audio, lyrics,
visual, EEG) but consistently lacked scalability, fairness, and interpretability. IoT-enabled
approaches [31], [35], and [38] leveraged physiological or contextual signals (e.g., GSR, PPG,
indoor scenes) to enhance personalization yet remained domain-specific and non-transparent.
Hybrid systems like SeER [36] introduced interpretability via MIDI-based explanations, while
other emotion-aware methods [37]- [40] employed deep learning and implicit user signals to
achieve personalization but ignored privacy and explainability. Only [41] introduced Federated
Learning for privacy-preserving personalization in consumer electronics, though it remained
conceptual and without XAI integration. Overall, the analysis highlights that while prior
models advanced accuracy, they failed to balance privacy preservation, fairness, and
interpretability—gaps directly addressed in the proposed XFL-based framework.

Limitation of exiting works:

Although a wide range of studies has explored music recommendation systems, particularly
with multimodal, emotion-driven, and IoT-enabled techniques, several critical limitations
remain unresolved, especially regarding interpretability, scalability, privacy, and real-time
feedback.

A. Lack of Explainability and Transparency

Most existing models (e.g., [30], [31], [32], [33], [34], [37], [39], [40]) operate as black-box
systems without interpretable reasoning. Even when hybrid or multimodal architectures
achieve higher accuracy (e.g., CNN, LSTM, Transformer-based), they lack mechanisms such
as SHAP or LIME for explaining why specific recommendations are made. This limits user
trust and fairness, particularly in sensitive consumer applications like personalized or emotion-
driven music suggestions.

B. High Computational Complexity
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Several methods (e.g., [32], [33], [34], [36]) use complex architectures such as multimodal
deep learning, ACLSTM with attention, or hybrid MF-Seq models, which significantly
increase computational cost. While they improve accuracy, the heavy reliance on deep
networks and multimodal fusion hampers real-time scalability, making deployment challenging
in resource-constrained devices like mobile and IoT-driven consumer systems.

C. Absence of FL Integration

Except for conceptual work ([41]), none of the reviewed studies leverage Federated Learning.
Current models often require centralized data aggregation from audio, lyrics, physiological
signals, or IoT sources, raising privacy concerns. This centralized approach exposes user-
sensitive data such as emotional states, EEG signals, or wearable sensor readings, creating risks
and limiting scalability across large, distributed consumer environments.

D. Limited Focus on Real-Time Feedback

While some approaches (e.g., [39]) demonstrate real-time emotion-driven music
recommendation, most studies (e.g., [30], [33], [38], [40]) operate offline or in controlled
environments without adaptive feedback loops. This gap reduces their ability to provide
dynamic, context-sensitive recommendations that evolve with continuous user interactions in
real-world streaming platforms.

Proposed work contributions (ADDRESSING IDENTIFIED GAPS)):

Building upon the identified gaps, this research introduces a consumer-centric Federated
Learning—enabled Explainable Al (FL—XAI) model for music recommendation. The proposed
framework directly addresses issues of transparency, computational efficiency, privacy
preservation, and real-time adaptability.

A. Enhancing Explainability and Transparency

The model integrates SHAP and LIME for local and global explainability, ensuring that each
recommendation is accompanied by interpretable reasoning (e.g., why a song was
recommended based on lyrics, audio patterns, or contextual cues). This addresses the
interpretability gap found in prior black-box systems.

B. Improved Computational Efficiency

Lightweight interpretable components are employed instead of resource-heavy multimodal
deep learning stacks. This ensures the system maintains high accuracy while being efficient
enough for real-time consumer deployment on [oT devices and mobile platforms.

C. FL for Privacy and Scalability

By incorporating Federated Learning [51-54], the model eliminates the need to centralize
sensitive user data such as emotional states, sensor readings, or listening patterns. Training
occurs locally on consumer devices, and only model parameters are shared, enabling privacy
preservation, scalability, and collaboration across distributed music streaming platforms.

D. Real-Time Adaptation and Feedback Support

Received: Oct 15, 2025 3161



International Journal of Applied Mathematics

Volume 38 No. 12s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

Unlike most existing studies, the proposed framework is designed to support continuous
monitoring and adaptive feedback. Recommendations dynamically adjust based on evolving
user context and interaction patterns, thereby enhancing personalization, fairness, and user
satisfaction in real-world scenarios.

Proposed model:

Despite substantial advances in contemporary music recommendation systems, persistent
challenges including user data privacy risks, algorithmic opacity (black-box decision-making),
and systematic recommendation bias continue to undermine their reliability, accountability, and
widespread adoption. These concerns are especially salient in the context of adolescent users,
for whom trust, transparency, and perceived fairness are critical determinants of technology
acceptance and sustained engagement. Consequently, it is insufficient for such systems to be
merely accurate; they must also be responsible, user-centric, and aligned with data protection
and fairness principles.

To address these shortcomings, this study introduces an Explainable Federated Learning (XFL)
framework for teenagers’ music recommendation. The framework integrally combines the
privacy-preserving properties of Federated Learning (FL) where model training is
decentralized, and raw user data remain on-device with the post hoc interpretability afforded
by Explainable AI (XAI) techniques such as SHAP and LIME. In this architecture, only model
parameters or updates are communicated to a central server, thereby mitigating data leakage
risks, while SHAP- and LIME-based explanations yield fine-grained, human-interpretable
attributions of how audio, lyrical, and contextual features influence recommendation outcomes.
The proposed XFL framework thus facilitates decentralized, bias-aware, and transparent music
recommendations, providing a scalable, trustworthy, and academically rigorous alternative to
conventional centralized, black-box recommender paradigms. The overall architecture of the
proposed model (local client) for music recommendation is illustrated in Figure 3, highlighting
its key components and workflow.

Preprocessing Laver :‘:d -
&
Level 1: Schema & Basic cleaning ors8 l|| ||I
o
* Standardize columm names, trim swings, snforce fypes, = with . )
mising empry criical S 5 SRR e, R Machine Learning
= Real-fime Music
Level 2: Deduplication Sentiment Data
+ Remove duplicates primarily on [Recommended_Song_ID, Song_Name]
Level 3: Type coercion Training Dataset ﬁf'}r}\
+  Coerce mumerics (.2, Tempa clipped to musical bounds), fix sray 1 ézzﬂ-:
spaces/cases, normalize categorical forms -
® ’ = Predictions Recommended
Level 4: Normalization splins T0%
I N> s _ —
+ Canomicalize Mood / Sentiment_Label
Testing Dataset
Level 5- Numeric scaling
Mousic Sentiment
Dataset *  Scale numeric feanuges for dovmstream models
Level 6: Exploratory Data Analysis Splimane 30%
+ Class distributions, wordclouds, imbalance checks.
+ Artist long-tail Pareto, UMAP /1-SNE an text, pairplots, IQR outlier
Znastics mosaic, and Mood stacked plots Yes
Level 7: Feature extraction
ML Techniques (Import
* Sparse TF-IDF trained data from Cloud o
+ Denss LSA: TF-IDF — 5VD — StandardScaler for prediction) &
e

Figure 3: Proposed FL-XAI model for teenager music recommendation (local client)

Figure 3 illustrates the proposed FL-XAI model, beginning with data retrieval from the music
sentiment dataset [42], followed by a structured seven-level preprocessing pipeline.
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Column Name Data Type Description / Use in Study
User ID Integer Unique identifier for each user
User review/comment text; input for
User_Text Text NLP sentiment analysis
Sentiment Label Categorical Target sentiment category assigned to
— user text

Recommended Song ID | Integer fllse?f the recommended track mapped to
Song Name String Title of the recommended song
Artist String Performing artist of the song
Genre Categorical | Musical genre for diversity analysis

. Beats per minute; measures song
Tempo (BPM) Numeric speed/thythm
Mood Categorical | Emotional category of the track
Energy Numeric Intensity/liveliness score of the track

The preprocessing includes Schema and Basic Cleaning (standardizing types, trimming strings,
removing incomplete rows), Deduplication (removing redundant entries), Type Coercion
(correcting numeric ranges and categorical forms), Normalization (canonicalizing mood and
sentiment labels), Numeric Scaling (standardizing numerical features), and Exploratory Data
Analysis (imbalance checks, visualizations, outlier diagnostics). Finally, Feature Extraction is
performed using both sparse TF-IDF and dense LSA representations. These steps ensure data
quality, reliability, and robust feature preparation for downstream music recommendation. The
processed data on each local client is partitioned using a 70/30 hold-out strategy, where 70% is
allocated for training and 30% is reserved for testing. The testing dataset D, remains local
(and may be synchronized with the cloud as metrics or artefacts only), while the training dataset
Dirain 1s utilized to develop a set of candidate machine learning models, M =
{M;,M,,...,M,}. To extract meaningful representations, text features are constructed using
TF — IDF (max_features = 5000, n — grams = (1,2)). For estimators requiring dense
input, the sparse TF-IDF vectors are projected using TruncatedSVD (r = 300) and
subsequently standardized. Each M; € M is trained with pre-specified hyperparameters,
reflecting deployment-friendly configurations rather than exhaustive centralized tuning.

Model evaluation and selection are performed on D, through a ranking table ordered first by
ACCie and then by F1,,,000 tese- Formally, a utility function U is defined to aggregate key
metrics (Accuracy and macro — F1), and the optimal model is chosen as:

* 1
M* = arg Ag{ngj\)ﬁZﬁl U(M;; Deest) M

Where k represents the number of evaluations iterations (e.g., repeated runs or folds, if
employed). Here, U(M;; D;.s:) denotes the evaluation utility of model M; on the held-out
dataset, combining metrics such as Accuracy and macro-F1 into a unified score. The operator
arg max identifies the candidate M* that achieves the highest overall utility. Once selected, M*
is retained as the final model for deployment, thereby ensuring consistent and reliable
performance on unseen data streams. In contrast to standard FL, here the utility U explicitly
integrates multiple metrics (Accuracy and macro-F1) into a single selection criterion, making
the model-selection process both performance- and fairness-aware rather than accuracy-only.
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Once identified, the optimal model is applied to generate predictions on new input samples
X © Diest:

y=M(X) 2

Unlike a typical FL setup where predictions are made solely by the aggregated global model,
our design emphasizes that locally selected models already optimized by U are deployed for
prediction, ensuring that explainability and performance criteria guide final outputs.

Each local client further employs a feedback-driven retraining mechanism to sustain long-term
performance. Let M, denote the local model at iteration t, and A (M) its measured accuracy.
The update rule is defined as:

Retrain(M;) if A(M;) <T

M, = .
e =1 M, otherwise,

3)

Where T denotes the predefined accuracy threshold. Once a client’s model satisfies A(M};) <
T, its validated predictions are stored locally and synchronized with the cloud for inclusion in
the federated aggregation phase. Unlike standard FL, which retrains in every round, our design
retrains only when accuracy falls below T, thereby reducing communication cost and
preserving client resources while maintaining model quality.

During the validation stage, the optimized model is tested on both the held-out dataset and real-
time listening sessions. If the system identifies preference drift or context change (e.g., mood
shift, activity variation), it triggers an adaptive recommendation module to update the
suggested playlist accordingly. Otherwise, the session continues seamlessly with the current
recommendations.

2. Local model £
traming ﬁd update ’@1—3‘%4 l—-“

'ﬁa" 3. Global mode] agzrazation and
S GE" - update central sarvar
i '\.
l Lacalm.cxie] I
-
L @ ﬁ{gg- =Local model 2 "'
Feal-time Kusic
Sentiment Data
| | I
) . Lo:al mndel N W W
' # . Impart data from cloud for prediction
_— - = f .
o =
e O e
| 1. Azgrezated model
1 [ Recommendad

Figure 4: Proposed FL-XAI model for teenager music recommendation (global client)

Figure 4 illustrates the proposed Federated Learning (FL)-based Music Recommendation
model. The pipeline starts at local client devices (smartphones, IoT-enabled players, streaming
apps), where models are trained using user-specific interaction logs, audio embeddings,
contextual metadata, and sentiment profiles. Crucially, raw listening data never leaves the local
device, thereby preserving privacy.

After local updates, each client transmits only its parameter set 67 to the central server. At the
server, the Federated Averaging (FedAvg) algorithm aggregates these updates into a unified
global model. The aggregated weights ©,,4 at communication round ¢ + 1 are computed as:
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D¢
®t+1 . N |De| of (4)

=138 1Dml "t

Here, 6 denotes the weights from client ¢ at iteration t, | D, | is the dataset size of client c,
and C is the number of active participants. This proportional weighting ensures fairness and
robustness, giving higher influence to devices with richer histories.

Once the global model is obtained, it is evaluated for convergence. If validation criteria (e.g.,
accuracy threshold a’ or loss € ) are unmet, the process iterates. Upon convergence, the model
is stored in the Cloud Data Repository and dispatched for real-time personalized music
recommendation.

To enhance explainability, predictions are interpreted via SHAP and LIME:

e SHAP computes feature attribution values 1;(x), reflecting the impact of feature x;
(e.g., tempo, lyric polarity, or contextual cues) on the recommendation outcome:

ISILAFI=|SI-1)!

¥j(0) = Xseriy— g LS VTN —F)] )

e LIME builds a local surrogate h € H to approximate the complex recommender f
around a query Xx:

4§09 = arg min[£(f, h,m) + Q0] ©)

where 1, defines the neighborhood of x, £ measures fidelity, and (1(h) controls complexity.
This produces instance-level interpretability, explaining why specific tracks are recommended.

If convergence criteria are not met (e.g., Acct < a' or Losst > ¢€), the FL cycle resumes under
gradient-based optimization:

Oip1 =0, —n-VL(O,) , where 7 is the learning rate.

After convergence, the validated global recommendation model is securely stored and
deployed. In real-time operation, the system generates adaptive playlists or context-aware
recommendations for each user. If preference drift or sentiment mismatch is detected, an
alternative recommendation set is issued; otherwise, the suggested playlist is finalized.

This end-to-end FL-XAI framework guarantees scalability, interpretability, and privacy
preservation, enabling trustworthy and consumer-centric music personalization. The novelty
lies in embedding utility-aware aggregation and explanation fidelity directly into the FL cycle,
differentiating this work from conventional FL pipelines that simply apply SHAP or LIME
after training. Figure 4 presents the pipeline, while structured pseudocode in Table 3 provides
a stepwise view from local training to global aggregation and final recommendation delivery.

Table 3: Pseudocode of the Proposed FL-XAI Music Recommendation Model

Step \ Process
Client Side (User Device / Streaming App)

[a—y

Start
2 | Retrieve music sentiment and interaction data (e.g., listening logs, audio
embeddings, lyrics, metadata, contextual/mood labels).
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3 | Perform initial inspection for completeness and consistency.
4 | Preprocess Data:
Schema & Basic Cleaning (types, trimming, missing removal)
Deduplication (remove redundant entries)
Type Coercion (numeric & categorical correction)
Normalization (mood/sentiment labels)
Numeric Scaling (standardize features)
Exploratory Data Analysis (imbalance, outliers, visualization)
Feature Extraction (TF—IDF for sparse, LSA for dense representations)
5 | Form local dataset and feature—label pairs: D; = {(xji, y}')}};l, where x; € R% is
feature vector and y} € Y is mood/genre class.
6 | Split dataset: 70% for training, 30% reserved locally as D, for validation and
real-time adaptation.
7 | Train local ML models M’ = {M;, M,, ..., M,,} iteratively: M* =
arg max . Ty U(M;; Deese).
8 | Upload trained model parameters 65 to cloud storage.
Global Server Side
9 | Receive local model weights from all participating clients.
10 | Perform aggregation:
Opy1 = g=1 chCl .0¢
Y [Dm|
11 | Apply Explainability Techniques:
e SHAP:
i) = Bsem ) S 2 [F(S UG = £
e LIME:
{(x) = arg min[L(f, b me) + Q(R)]
12 | If convergence reached ((e.g., Acct < a’ or Losst > ¢)), repeat aggregation with
gradient decent:
Ot41 =0, —1-VL(O)
13 | Store the validated global recommendation model in cloud repository.
14 | Deploy the global model to client devices for real-time playlist generation.
15 | Evaluate the global model on reserved test sets and live interaction data.
16 | If preference drift or context change detected (e.g., mood shift, activity variation),
trigger adaptive recommendation module; else finalize and deliver playlist.
17 | Stop

Simulation results:

Teenagers’ music recommendation systems face several long-standing challenges, including
pronounced heterogeneity in user interaction data, stringent requirements for privacy
preservation, limited interpretability of complex black-box models, and the need for scalable
architectures capable of real-time personalization at large scale. To address these issues, the
proposed FL-XAI (Federated Learning Explainable Al) framework was empirically evaluated
through controlled simulation experiments targeting a teenagers’ music recommendation
scenario. The evaluation leveraged the music sentiment dataset [42], which integrates
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multimodal features audio descriptors (e.g., timbral, rhythmic, and spectral characteristics),
lyrical sentiment representations, and contextual usage metadata together with annotated mood
and genre labels. This multimodal structure enables detailed analysis of mood genre co-
occurrence patterns and facilitates more nuanced modeling of teenagers’ affective and stylistic
music preferences. For experimental rigor, the dataset was partitioned using a 70/30 hold-out
strategy, where 70% of the data was allocated for client-side training and the remaining 30%
was retained locally on each emulated client for testing and validation, thereby ensuring a clear
separation between training and evaluation phases at the user-node level.

The simulation environment was implemented in Python 3.10 and utilized scikit-learn and
TensorFlow for model development, in conjunction with federated learning frameworks
(TensorFlow Federated and Flower) to orchestrate distributed training. SHAP (SHapley
Additive exPlanations) and LIME (Local Interpretable Model-agnostic Explanations) were
integrated to provide post hoc model interpretability within the teenagers’ music
recommendation system. Each client device was emulated as an independent teenage user
node, maintaining a personalized corpus of listening histories, lyric sentiment profiles, and
contextual metadata (e.g., time of day, device type, or social/usage context). Local models were
trained exclusively on these user-specific data partitions, and raw user data never left the client
environment. Instead, only model parameters or gradients were periodically communicated to
the central server, where they were aggregated using the Federated Averaging (FedAvg)
algorithm to update the global model. This federated training setup enforced data minimization
and privacy preservation critical for underage users while enabling collaborative optimization
of a shared teenagers’ music recommendation model.

The simulation experiments were designed to evaluate multiple dimensions of system
performance, including classification accuracy, macro-F1 score (to account for class imbalance
across mood and genre categories), convergence behavior across federated training rounds, and
the quality of explanations generated by the XAl components in terms of feature attribution
stability and semantic plausibility. Additionally, the teenagers’ music recommendation system
was assessed on its capability to produce adaptive, context-aware playlist recommendations,
reflecting real-time personalization under heterogeneous, privacy-constrained conditions
typical of teenage user populations.

Table 4 (a): Confusion matrix of SVC (RBF) local-client model in the testing phase

True \ Pred | Calm | Emotional | Energetic | Joyful | Melancholic | Powerful | Soothing
Calm 0 0 31 0 0 0 0
Emotional 0 37 0 0 0 0 0
Energetic 0 0 73 0 0 0 0
Joyful 0 0 0 43 0 0 0
Melancholic | 0 0 0 0 36 0 0
Powerful 0 0 0 0 0 40 0
Soothing 0 0 0 0 0 0 40

Table 4 (b): Confusion matrix of SVC (poly) local-client model in the testing phase

True \ Pred | Calm | Emotional | Energetic | Joyful | Melancholic | Powerful | Soothing
Calm 31 0 0 0 0 0 0
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Emotional 0 37 0 0 0 0 0
Energetic 0 0 34 0 39 0 0
Joyful 0 0 0 43 0 0 0
Melancholic 0 0 0 0 36 0 0
Powerful 0 0 0 0 0 40 0
Soothing 0 0 0 0 0 0 40

Table 4 (c): Confusion matrix of LabelPropagation local-client model in the testing phase.

True \ Pred | Calm | Emotional | Energetic | Joyful | Melancholic | Powerful | Soothing
Calm 31 0 0 0 0 0 0
Emotional 0 37 0 0 0 0 0
Energetic 39 0 34 0 0 0 0
Joyful 0 0 0 43 0 0 0
Melancholic | 0 0 0 0 36 0 0
Powerful 0 0 0 0 0 40 0
Soothing 0 0 0 0 0 0 40

Table 4 (d): Confusion matrix of LabelSpreading local-client model in the testing phas

True \ Pred | Calm | Emotional | Energetic | Joyful | Melancholic | Powerful | Soothing
Calm 31 0 0 0 0 0 0
Emotional 0 37 0 0 0 0 0
Energetic 39 0 34 0 0 0 0
Joyful 0 0 0 43 0 0 0
Melancholic | 0 0 0 0 36 0 0
Powerful 0 0 0 0 0 40 0
Soothing 0 0 0 0 0 0 40

Table 4 (e): Confusion matrix of GaussianProcess local-client model in the testing phase

True \ Pred | Calm | Emotional | Energetic | Joyful | Melancholic | Powerful | Soothing
Calm 0 0 0 0 0 0 31
Emotional 0 37 0 0 0 0 0
Energetic 0 0 34 0 0 0 39
Joyful 0 0 0 43 0 0 0
Melancholic | 0 0 0 0 36 0 0
Powerful 0 0 0 0 0 40 0
Soothing 0 0 0 0 0 0 40

Table 4 (f): Confusion matrix of RadiusNeighbors local-client model in the testing phase

True \ Pred | Calm | Emotional | Energetic | Joyful | Melancholic | Powerful | Soothing

Calm 0 0 31 0 0 0 0
Emotional 0 37 0 0 0 0 0
Energetic 0 0 73 0 0 0 0
Joyful 0 0 0 43 0 0 0
Melancholic 0 0 0 0 36 0 0
Powerful 0 0 40 0 0 0 0
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|Soothing | 0 | 0 | o | o | 0 o0 | 40 |
Table 4 (g): Confusion matrix of LDA local-client model in the testing phase.

True \ Pred | Calm | Emotional | Energetic | Joyful | Melancholic | Powerful | Soothing
Calm 31 0 0 0 0 0 0
Emotional 0 37 0 0 0 0 0
Energetic 0 73 0 0 0 0 0
Joyful 0 0 0 43 0 0 0
Melancholic | 0 0 0 0 36 0 0
Powerful 0 0 0 0 0 40 0
Soothing 0 0 0 0 0 0 40

Table 4 (h): Confusion matrix of QDA local-client model in the testing phase

True \ Pred | Calm | Emotional | Energetic | Joyful | Melancholic | Powerful | Soothing
Calm 0 0 31 0 0 0 0
Emotional 0 0 37 0 0 0 0
Energetic 0 0 73 0 0 0 0
Joyful 0 0 43 0 0 0 0
Melancholic | 0 0 36 0 0 0 0
Powerful 0 0 40 0 0 0 0
Soothing 0 0 40 0 0 0 0

Table 4 (i): Confusion matrix of GaussianNB local-client model in the testing phase

True \ Pred | Calm | Emotional | Energetic | Joyful | Melancholic | Powerful | Soothing
Calm 0 0 31 0 0 0 0
Emotional 0 0 37 0 0 0 0
Energetic 0 0 73 0 0 0 0
Joyful 0 0 0 43 0 0 0
Melancholic | 0 0 0 0 36 0 0
Powerful 0 0 40 0 0 0 0
Soothing 0 0 0 0 0 0 40

Table 4 (j): Confusion matrix of KNN k=21 (chebyshev) local-client model in the testing

phase

True \ Pred | Calm | Emotional | Energetic | Joyful | Melancholic | Powerful | Soothing
Calm 0 0 31 0 0 0 0
Emotional 0 37 0 0 0 0 0
Energetic 0 0 34 0 0 39 0
Joyful 0 0 0 43 0 0 0
Melancholic 0 0 0 0 36 0 0
Powerful 0 0 0 0 0 40 0
Soothing 0 0 0 0 0 0 40

Table 4 (k): Confusion matrix of KNN k=31 (minkowski p=3) local-client model in the
testing phase

| True\Pred | Calm | Emotional | Energetic | Joyful | Melancholic | Powerful | Soothing |
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Calm 31 0 0 0 0 0 0
Emotional 0 37 0 0 0 0 0
Energetic 39 0 34 0 0 0 0
Joyful 0 0 0 43 0 0 0
Melancholic 0 0 0 0 36 0 0
Powerful 0 0 0 0 0 40 0
Soothing 0 0 0 0 0 0 40

Table 4 (1): Confusion matrix of Stacking (proba) local-client model in the testing phase

True \ Pred | Calm | Emotional | Energetic | Joyful | Melancholic | Powerful | Soothing
Calm 0 0 31 0 0 0 0
Emotional 0 0 37 0 0 0 0
Energetic 0 0 73 0 0 0 0
Joyful 0 0 0 43 0 0 0
Melancholic | 0 0 0 0 36 0 0
Powerful 0 0 40 0 0 0 0
Soothing 0 0 0 0 0 0 40

Table 4(a—1) presents the confusion matrices of all local client models in the testing phase,
covering a diverse set of algorithms ranging from Support Vector Machines and graph-based
semi-supervised learners to probabilistic and instance-based classifiers. Overall, the diagonal
dominance in most matrices reflects strong recognition of major emotion classes such as
Emotional, Joyful, and Soothing. However, systematic misclassifications are observed in
specific categories—for instance, Calm instances frequently shifted towards Energetic, while
overlaps between Energetic and Melancholic remained consistent across multiple models.
These patterns suggest that while local clients can capture high-level emotional cues
effectively, low-energy states with overlapping acoustic or textual features remain challenging
to distinguish.

From a recommendation perspective, these results highlight that local models, even when
trained independently on client devices, can achieve substantial accuracy for mood-aware
personalization. Strong performers such as SVC (Polynomial), Label Propagation, and Label
Spreading show balanced predictions, making them promising candidates for federated
aggregation. In contrast, weaker models such as QDA and GaussianNB exhibit limited
discriminative capacity and would contribute minimally in collaborative training. By
combining these local outcomes under a federated learning framework, the system ensures
privacy-preserving, scalable, and robust music recommendation while explainable Al methods
(e.g., SHAP, LIME) can further validate why specific tracks are recommended for particular
moods.

Table 5: Performance matrices of all local-client models in the testing phase

F1
Model Accuracy | Score | Specificity | Sensitivity
SVC (RBF) 0.8967 |0.8321 | 0.9805 0.8571
SVC (poly) 0.87 0.8977 | 0.9789 0.9237
LabelPropagation 0.87 0.8928 | 0.9793 0.9237
LabelSpreading 0.87 0.8928 | 0.9793 0.9237
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KNN k=31

(minkowski p=3) 0.87 0.8928 0.9793 0.9237
GaussianProcess 0.7667 | 0.7384 0.9615 0.7808
KNN k=21

(chebyshev) 0.7667 | 0.7379 | 0.9591 0.7808
RadiusNeighbors 0.7633 | 0.6675 | 0.9553 0.7143
LDA 0.7567 | 0.7862 0.9603 0.8571
GaussianNB 0.64 0.5107 0.932 0.5714
Stacking (proba) 0.64 0.5107 0.932 0.5714
QDA 0.2433 | 0.0559 | 0.8571 0.1429

Table 5 reports the performance metrics of all local-client models during the testing phase. The
results reveal that kernel-based and graph-based algorithms consistently outperform
probabilistic and discriminant analysis models. In particular, SVC (RBF), SVC (poly), Label
Propagation, Label Spreading, and KNN (k=31, Minkowski p=3) all achieve accuracies close
to 0.87-0.90, with balanced F1-scores (=0.89) and strong sensitivity—specificity trade-offs.
These models exhibit robustness in capturing emotional diversity and generalizing across mood
categories, making them reliable candidates for music recommendation.

In contrast, distance-based learners such as k-Nearest Neighbors (k = 21, Chebyshev distance
metric) and Radius Neighbors, as well as probabilistic classifiers like Gaussian Naive Bayes
(GaussianNB), exhibit only moderate to low predictive performance with notably reduced
sensitivity/recall. This degradation suggests that these models struggle to construct
discriminative decision boundaries in the presence of highly overlapping mood classes and
complex, multimodal feature spaces typical of teenagers’ music consumption patterns. The
reliance of KNN-type methods on local neighborhood structure, combined with high-
dimensional feature representations (audio, lyrics, and contextual metadata), likely exacerbates
the curse of dimensionality, leading to unstable neighborhood assignments and diminished
generalization. Similarly, the conditional independence assumptions underpinning
GaussianNB appear too restrictive for capturing the joint distribution of mood genre co-
occurrences, resulting in underfitting and poor discrimination of nuanced affective states.

More critically, Quadratic Discriminant Analysis (QDA) collapses almost entirely, with
classification accuracy dropping below 0.25, empirically confirming its unsuitability for this
domain. This behavior is consistent with QDA’s sensitivity to covariance estimation, which can
become severely ill-conditioned or overparameterized in settings with heterogeneous, high-
dimensional features and limited effective sample sizes per class. In contrast, Linear
Discriminant Analysis (LDA) maintains a reasonable degree of interpretability and yields a
more stable bias—variance trade-off, offering moderately balanced performance across classes.
However, its overall accuracy and macro-F1 scores remain inferior to those achieved by the
top-performing models, limiting its utility as a primary learner within the teenagers’ music
recommendation pipeline.

Overall, Support Vector Classifiers with polynomial kernels (SVC poly) and graph-based semi-
supervised methods such as Label Spreading and Label Propagation emerge as the most
effective local learners. They consistently achieve high classification accuracy alongside robust
macro-F1 scores, indicating superior capability in modeling nonlinear decision boundaries and
exploiting the intrinsic geometry of the data manifold. These empirical findings provide a
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strong methodological justification for prioritizing SVC poly and label propagation/spreading
within the proposed federated learning framework. When embedded into the FL-XAI
architecture, collaborative training across distributed teenage user clients is expected to further
enhance model robustness to data heterogeneity, reinforce privacy preservation through on-
device learning, and improve explainability via stable, high-quality feature attributions
ultimately yielding a globally optimized, trustworthy teenagers’ music recommendation
system.

Table 6: Performance matrices of global-client model

F1
Model | Accuracy | Score | Specificity | Sensitivity
SvC
(RBF) 0.8967 |0.8321 | 0.9805 0.8571
Table 6 presents the performance of the global SVC (RBF) model after federated aggregation.
The model achieved 0.8967 accuracy with a relatively low error rate, while maintaining
balanced F1 score (0.8321), high specificity (0.9805), and strong sensitivity (0.8571). These
results indicate that federated learning successfully consolidates local-client performance into
a robust global model, preserving classification reliability across emotion categories while
ensuring privacy. This demonstrates the effectiveness of FL in building scalable, consumer-
centric music recommendation systems.

Prediction probabilities Top features for 'Energetic' Feature descriptions
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Figure S (a): LIME explanation for the Energetic label in the global model.

Figure 5 (a) illustrates the LIME-based explanation of the global SVC model for the Energetic
label, where the model shows high confidence (0.73) in predicting the track as energetic, with
minor overlaps toward calm and melancholic moods. The tokens “Tiger,” “Rock,” “Eye,” and
“Survivor” emerge as strong positive contributors, reflecting high-arousal and rock-related
cues, while neutral words like of and the add negligible or negative weight. This demonstrates
that after federated aggregation, the global model not only preserves strong discriminative
power for energetic moods but also provides transparent, feature-level justifications—ensuring
trustworthy and context-aware music recommendations.
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Figure 5 (b): LIME explanation for the Melancholic label in the global model.

Figure 5 (b) shows the LIME explanation of the global SVC model for the Melancholic label,
where the model demonstrates strong confidence (0.79) in its prediction. Tokens such as
“Pop,” “Adele,” and “Like” act as the main positive contributors, closely associated with
melancholic themes in the dataset, while terms like Someone and You provide minor negative
influence. This indicates that the global model effectively captures lyrical and contextual cues
linked to melancholic moods, offering transparent justifications for music recommendation
decisions.

SVDZ: cl... SVD4: ad... SVD3: we... SVDO0: po... SVD5: fu... SVD6: fi... SVDI: ro...

SVD2: clair lune, lune, debussy - -
SVD4: adele, like, like adele . - of o -
SVDO: pop, williams, pharrell
SVD5: funk, bruno mars, mars funk
SVD6: fix, coldplay rock, fix coldplay

SVD1: rock, survivor rock, tiger survivor

SVD3: west hip, west, stronger *
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Figure 6: SHAP beeswarm showing key SVD feature contributions in the global model.

Figure 6 shows a SHAP beeswarm for the global (federated) model on SVD text features, where
each SVD component is labeled with its top tokens (e.g., rock/survivor, pop/williams/pharrell,
adele/like, clair lune/debussy). Components tied to rock/pop cues (SVDI1, SVD6, SVDO)
exhibit the largest mean [SHAP| magnitudes (=+0.1) and push predictions toward high-arousal
classes (e.g., Energetic/Joyful), while classical/ambient cues (SVD2: clair lune, debussy) tend
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to pull toward calmer moods. The tight, consistent spreads across points indicate that, after
aggregation, the global model relies on semantically coherent latent factors that generalize
across clients, yielding stable, interpretable decision logic.

Table 7: Comparative analysis of the proposed model with previous approaches

Reference Method Accuracy | Miss | FL | XAl
rate
[43] RF 0.87 0.13 X! X
[44] Generalized 0.76 024 | X | X
Linear Model
[45] Hybrid Voting 0.85 0.15 X | X
Classifier
[46] ResNet18 BNN 0.71 029 | X | X
network
[47] CNN 0.72 028 | X | X
[48] CNN 0.60 040 | x | X
[49] VGG-19 0.65 035 | X | X
[50] miniXception 0.63 0.37 X X
ensemble
Proposed SCV(RBF) 0.89 0.11 V| Vv
FL-XAI
Model

Table 7 reports a comparative evaluation of the proposed FL—XAI music recommendation
model, instantiated as an RBF-kernel Support Vector Classifier (SVC-RBF), against a range of
existing state-of-the-art approaches. The proposed model attains an overall classification
accuracy of 89% with a corresponding miss rate of 11%, thereby outperforming several earlier
deep learning baselines, including CNN-based architectures (72%), VGG-19 (65%), and
miniXception ensembles (63%). Even relative to stronger conventional baselines such as
Random Forest (87%) and hybrid voting classifiers (85%), the FL-XAI framework
demonstrates superior generalization performance and more favorable error characteristics.
Crucially, unlike prior approaches [43—50], which are predominantly centralized and do not
incorporate federated learning or formal explainability mechanisms, the proposed framework
explicitly integrates Federated Learning (FL) for privacy-preserving distributed training and
Explainable Al (XAI) techniques (SHAP and LIME) for model interpretability. Within this
architecture, raw user interaction data remain confined to local client devices, and only model
parameters or updates are shared, thereby enforcing data minimization and enhancing
compliance with privacy and data protection requirements. At the same time, SHAP- and
LIME-based post hoc explanations provide transparent, human-interpretable insights into the
contribution of audio, lyrical, and contextual features to the generated recommendations. This
dual advantage robust predictive performance and integrated privacy-aware interpretability not
only reduces prediction errors but also enhances user trust, accountability, and system
reliability, rendering the proposed FL-XAI framework highly suitable for deployment in real-
world, privacy-preserving music recommendation systems.
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Conclusion:

Music recommendation systems face persistent challenges, including limited interpretability,
data privacy concerns, lack of scalability, and inadequate adaptability to real-time user
preferences. Traditional ML and deep learning—based approaches, though effective to some
extent, largely operate as black-box models and rely on centralized data collection, raising
fairness issues, potential biases, and risks of sensitive user data leakage. This research
overcomes these gaps by proposing a Federated Learning (FL) framework that allows local
client devices (e.g., smartphones, streaming platforms, loT-enabled players) to collaboratively
train models without sharing raw listening histories, thus ensuring privacy preservation and
supporting large-scale scalability. To further address the opacity of recommendation models,
Explainable AI (XAI) techniques such as LIME and SHAP are integrated, resulting in an XFL-
based recommender system capable of generating transparent, feature-attributed justifications
for song recommendations. This dual integration of FL and XAI delivers a privacy-preserving,
interpretable, and consumer-centric solution that adapts to user context in real time. Compared
with prior works [43-50], the proposed model achieves superior accuracy (89%), a lower miss
rate (11%), and improved transparency, making it a robust and practical framework for
trustworthy music personalization in real-world applications.

Limitations and Future Work:Although the proposed FL—XAI framework achieves strong
performance on the music sentiment dataset, several limitations persist. The federated learning
pipeline incurs notable computational and communication overhead on resource-constrained
client devices, potentially affecting energy usage, latency, and user experience in mobile,
always-on teenagers’ music recommendation settings. In addition, systematic biases in
mood/emotion labels stemming from subjective annotation, cultural/contextual variation, and
class imbalance may distort affective modeling and recommendation quality.Future work will
prioritize: (i) lightweight architectural design and model compression, including
communication-efficient FL (e.g., quantization, sparsification); (i1) validation on larger, more
heterogeneous, and demographically diverse datasets; and (iii) improved real-time feedback
and adaptive, fairness-aware personalization to enhance both recommendation quality and
algorithmic equity within the FL-XAI ecosystem.
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