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ABSTRACT
Recommendation systems play a crucial role in our daily lives,
influencing many of our significant and minor decisions. These
systems also have become integral to the music industry, guiding
users to discover new content based on their tastes. However, the
lack of transparency in these systems often leaves users question-
ing the rationale behind recommendations. To address this issue,
adding transparency and explainability to recommender systems is
a promising solution. Enhancing the explainability of these systems
can significantly improve user trust and satisfaction. This research
focuses on exploring transparency and explainability in the context
of recommendation systems, focusing on the music domain. This
research can help to understand the gaps in explainability in music
recommender systems to create more engaging and trustworthy
music recommendations.
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1 BACKGROUND AND MOTIVATION
The rapid growth of digital music platforms has revolutionized
how users discover and consume music. Central to this experience
are recommender systems, which capture users’ listening habits
and preferences and suggest personalized playlists to each user.
Despite their effectiveness, a significant challenge remains: the
lack of transparency in how recommendations are generated. Users
often find it difficult to understand why certain tracks are suggested,
leading to mistrust and reduced satisfaction with the system.

Explainability in recommender systems is not just a technical
challenge but a critical user experience issue. Providing clear and
understandable reasons for recommendations can enhance user
trust, engagement, and overall satisfaction. In the context of music,
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where emotional and personal connections to content are strong,
the need for explainable recommendations is even more important.
This research seeks to explore how enhancing the transparency and
explainability of music recommender systems can address these
concerns.

1.1 Problem Statement
Current recommender systems typically function as "black boxes,"
offering little insight into their decision-making processes. This
opacity can lead to user uncertainty, especially when recommenda-
tions appear irrelevant or unexpected. The lack of explainability
also limits users’ ability to refine and personalize their recommen-
dation preferences actively. Users often desire to understand the
rationale behind recommendations to make informed decisions and
to adjust the system’s suggestions to better match their preferences.

Based on [33], music recommender systems face unique chal-
lenges compared to other domains due to the complex and subjec-
tive nature of music preferences. Unlike typical recommendation
tasks, music recommendation must account for a range of con-
textual and situational factors, such as user mood, activity, and
long-term versus short-term listening trends. Additionally, music
preferences are highly personal and dynamic, often influenced by
social and cultural contexts. This complexity requires sophisticated
models that go beyond simple collaborative filtering or content-
based approaches commonly used in other domains.

Moreover, music recommender systems must effectively handle
sparse and imbalanced data, as users often listen to a small sub-
set of the available catalog, creating a significant popularity bias.
This bias can limit the exposure to diverse music, reducing user
satisfaction. Addressing this issue necessitates the integration of
multi-faceted recommendation strategies, such as hybrid models
that combine content-based filtering, collaborative filtering, and
contextual information [33].

Rerecommendation, or the process of recommending previously
suggested items, adds another layer of complexity. Users often
prefer fresh recommendations but may appreciate occasional re-
minders of past favorites, especially when contextual factors change,
such as the user’s mood or listening environment. This requires
the system to balance between novelty and familiarity, ensuring a
satisfying user experience while avoiding redundancy [33].

As a result, explainability in music recommender systems is
particularly challenging due to the need for transparent and inter-
pretable explanations that resonate with users on an emotional and
psychological level. Furthermore, music is often consumed in var-
ied contexts—work, travel, celebration, relaxation, exercise—which
adds another layer of complexity to recommendation systems. This
is essential for building trust and enhancing user engagement. Over-
all, while advancements have been made, significant gaps remain in
developing comprehensive and effective explainability frameworks
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connected to the music domain, underscoring the need for ongoing
research and innovation in this area.

Moreover, explainable music recommender systems benefit mul-
tiple stakeholders. For users, enhanced transparency and under-
standing can lead to higher trust and more tailored music experi-
ences. For artists andmusic producers, insights into why their music
is recommended can inform marketing strategies and audience en-
gagement. For the platforms themselves, better explainability can
differentiate their service in a competitive market, improving user
retention and satisfaction.

Our research aims to explore frameworks for explainable music
recommender systems, focusing on identifying key factors that
enhance explainability and examining their impact on user trust and
satisfaction. We will review similar approaches in other domains,
identify gaps specific to music recommender systems, and propose
potential solutions to address these gaps. By doing so, we hope to
lay the groundwork for future studies and implementations that
can provide personalized and transparent recommendations in the
music domain.

1.2 Motivation
The rapid development of digital music platforms has significantly
transformed the way users interact with and discover music. Rec-
ommender systems play an essential role in this transformation,
offering personalized suggestions that provide to individual tastes
and preferences. Despite their widespread use and undeniable con-
venience, these systems often operate as "black boxes," providing
little to no insight into how recommendations are generated. This
lack of transparency can undermine user trust and satisfaction, as
users may find it difficult to understand the rationale behind the
suggestions they receive.

Explainability in recommender systems is an emerging field that
seeks to address these concerns by making the inner workings of
these systems more transparent and understandable. The primary
goal is to enhance user trust and engagement by providing clear,
comprehensible reasons for recommendations. In the context of
music, where personal and emotional connections to content are
particularly strong, the need for explainable recommendations is
even more critical. Users are more likely to engage with and appre-
ciate a system that not only considers their tastes but also explains
the reasoning behind its suggestions. Effective explainability aims
to achieve several key objectives [35, 41, 42]:

• Transparency: Clarify how the system operates.
• Trust: Boost users’ confidence in the system.
• Effectiveness: Assist users in making informed decisions.
• Efficiency: Help users make decisions more quickly.
• Satisfaction: Enhance user experience and enjoyment.
• Fairness: Be fair and equitable.
• Responsibility: Clarify or rationalize decisions or actions.
• Scrutability: Enable users to provide feedback and correct
the system.

• Persuasiveness: Encourage users to try or purchase recom-
mended items.

Previous research has highlighted the importance of explain-
ability in recommender systems across various domains, including

e-commerce, movies, and general consumer products [35, 51]. How-
ever, there is a notable gap in the literature specifically addressing
explainability in music recommender systems. While some studies
have explored user perceptions of transparency in music recom-
mendations [14], comprehensive frameworks and methodologies
tailored to the unique challenges of music recommendation remain
underdeveloped. The motivation for this growing research topic
can be summarized as the following:

• Enhancing User Trust and Satisfaction: By providing clear
and understandable explanations for recommendations, with
the goal of building greater trust between users and the
system. This trust is crucial for long-term user engagement
and satisfaction.

• Improving User Interaction: Transparent recommendations
can empower users to make more informed decisions and
refine their preferences actively. This interaction can lead to
a more personalized and satisfying user experience.

• Advancing the Field of Music Recommendation: By address-
ing the specific challenges of explainability in music recom-
mender systems, doing research in this field can contribute
to the broader field of recommender systems, offering in-
sights and methodologies that can be applied across various
domains.

In conclusion, the lack of explainability in current music rec-
ommender systems represents a significant gap in both research
and practical application. Our research aim is to bridge this gap by
developing a comprehensive understanding of how transparency
can be integrated into music recommendation processes, ultimately
enhancing user trust, satisfaction, and engagement.

1.3 Research Questions
Here are some questions, that need broader research to answer,
mostly in the music recommender system domain:

(1) What incorporates a good explanation for recommen-
dations, particularly in the music domain?
Determining what makes an explanation good or sufficient
is critical, especially in the highly subjective field of mu-
sic. This question explores the elements that contribute to
effective explanations, such as clarity, relevance, and com-
prehensibility, and how these elements can be connected to
individual user preferences and contexts. By identifying the
characteristics of good explanations, we aim to enhance user
satisfaction and trust in music recommender systems. An-
other key consideration is the privacy of the model; thus, we
need to find a way to balance transparency and user under-
standing without revealing the complete recommendation
process details.

(2) How canwemeasure the effectiveness of explainability
in recommender systems within the music domain?
Measuring the effectiveness of explainability is a complex
challenge that requires robust evaluation frameworks. This
question aims to establish metrics and methodologies for
assessing how well explainable recommendations perform
in the music domain. While general evaluation frameworks
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exist, different kinds of aims can be considered for explain-
ability, and they can be inconsistent. Therefore, any evalua-
tion needs to use appropriate metrics that match the aim we
plan to investigate [36]. By developing and validating new
measurement techniques, we seek to provide a comprehen-
sive understanding of explainability’s impact in this specific
context.

(3) What are the most effective methods for enhancing
the explainability of music recommender systems?
This question is fundamental to our research as it seeks to
identify and evaluate the various techniques that can be
employed to make music recommender systems more trans-
parent. While there has been significant work on explain-
ability in general recommender systems [35, 51], it can also
be domain-specific due to available attributes. So, the unique
challenges associated with music recommendations—such as
the subjective nature of music preferences—require tailored
approaches. Understanding which methods are most effec-
tive in this specific context is crucial for developing systems
that users can trust and understand.

(4) How can transparent recommendation processes im-
prove user trust and satisfaction?
User trust and satisfaction are critical components of any suc-
cessful recommender system. Previous research has shown
that explainability can enhance user trust and satisfaction
in various domains [12, 41]. However, the specific impact of
transparency in music recommender systems remains un-
derexplored. By investigating this relationship, we aim to
provide empirical evidence on how explainable recommen-
dations can lead to more positive user experiences, thereby
increasing the overall effectiveness of these systems. There
is not a direct way to measure the effect of explainability, so
in many research, they used the user study [38].

(5) What is the impact of explainable recommendations
on user engagement and interaction with the system?
Engagement and interaction are key metrics for evaluating
the success of recommender systems. It can be measured by
how the user has control over the recommendations [38].
This question considers how providing explanations for rec-
ommendations can influence user behavior, such as the fre-
quency and duration of interaction with the system. While
some studies have touched upon this aspect in general set-
tings [49], there is a lack of focused research on the music
domain. Our goal is to fill this gap by examining how ex-
plainability affects user engagement specifically in music
recommender systems.

1.4 Relevance and Importance
The formulation of these research questions is grounded in the
recognition that explainability is a multifaceted issue with signifi-
cant implications for user experience. The questions were derived
from a thorough review of the existing literature and identified
gaps, particularly the lack of focused research on music recom-
mender systems because of the mentioned particularities of music
recommendation. By addressing these questions, our research aims
to contribute to the broader understanding of explainability in

recommender systems and to provide insights into some of the
explainability goals, such as improving user trust, satisfaction, en-
gagement, and overall system transparency and effectiveness.

2 RELATEDWORK
In this section, we first review advanced algorithms in recommender
systems. We then explore explainability both in the broader context
of machine learning and specifically within recommender systems.
Finally, we highlight existing approaches and identify areas where
further research is needed, particularly in explainability in music
recommender systems.

2.1 Approaches in Recommender Systems
Recommender systems typically utilize two main approaches to
suggest items: content-based and collaborative filtering methods
[9, 26]. Each approach has distinct advantages, leading some re-
searchers to develop hybrid models that combine both methods for
enhanced performance [9, 23]. Below, we introduce some advanced
approaches for recommendation tasks.

Deep learning techniques have been increasingly applied to
recommendation systems. Yang et al. (2019) proposed a personal-
ized recommender system using a time-aware CNN model (TC-PR)
for movie recommendations, incorporating user and item features
along with temporal context [48]. Saga et al. (2018) integrated CNN
with probabilistic matrix factorization, utilizing image shape fea-
tures for fashion recommendations [30]. Daneshvar et al. (2022)
developed RSLC-Net, combining CNN and LSTM architectures to
analyze user ratings and visual features, and incorporating social
influence data for enhanced movie recommendations [7].

Emotion-basedmusic recommendations have also benefited from
deep learning techniques. Joshi et al. (2021) used LSTM, CNN, and
CNN-LSTM architectures to detect user emotions from text or facial
expressions to suggest songs and playlists [13]. Kim et al. (2021)
proposed an advertising video recommendation system that uses
CNNs to analyze facial expressions and predict user preferences
[15].

Deep learning enhances recommendation algorithms’ perfor-
mance, particularly with large datasets. Wang et al. (2020) devel-
oped an LSTM-CNN model for movie recommendations, improving
user experience by analyzing behavior data [43]. Van et al. (2013)
demonstrated the feasibility of predicting latent factors from music
audio for recommendations, showing its effectiveness for new and
less popular music [39]. Oramas et al. (2017) addressed the cold-
start problem by integrating text, audio, and user feedback data in
a deep network architecture [27].

Sachdeva et al. (2018) introduced an attentive neural architecture
using item sequences and features to learn user preferences and
recommend the next song [29]. Lin et al. (2018) designed a Hetero-
geneous Knowledge-Based Attentive Neural Network (HK-ANN)
for short-term music recommendations using graphical, textual,
and visual information [18].

As most of the advanced approaches mentioned above use var-
ious deep learning structures, it becomes increasingly difficult to
determine the underlying cause of specific recommendations. This
makes explainability crucial for stakeholders tomaintain confidence
and trust in the recommendations they receive. By understanding
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the reasons behind recommendations, stakeholders can feel more
positively about the system’s outputs and are more likely to en-
gage with and benefit from the recommendations. Consequently,
research has been done on various aspects of explainability to ad-
dress these challenges.

2.2 Explainability in General
Explainability in Artificial Intelligence (AI) and Machine Learning
(ML) has received considerable attention in recent years, focus-
ing on making complex models understandable to users. Various
approaches have been proposed to enhance interpretability, trans-
parency, and trust.

Gilpin et al. (2018) provide an overview of the interpretability of
machine learning models, discussing different methods to explain
AI decisions, which contributes to Transparency and Fairness
[10]. Adadi and Berrada (2018) survey explainable AI (XAI) tech-
niques, categorizing them into post-hoc/intrinsic, global/local, and
model-specific/model-agnostic methods, aimed at Transparency
and Trust [2]. Doshi-Velez and Kim (2017) call for a rigorous sci-
ence of interpretable machine learning, emphasizing the need for
standardized evaluation methods, targeting Transparency and
Fairness [8].

Ribeiro et al. (2016) introduce LIME, a technique for explaining
the predictions of any classifier, which has become widely adopted
in the field. LIME works by approximating the behavior of complex
models with interpretable local models, thereby providing insights
into individual predictions, addressing Transparency and Trust
[28]. Samek et al. (2017) focus on visualizing deep learning models
to make their operations more transparent, introducing methods
like heatmaps to highlight influential regions in input data, which
aim at Transparency and Trust [31]. Lipton (2018) discusses the
myth of model interpretability, addressing the challenges and mis-
conceptions surrounding this topic and emphasizing the need for
clear definitions and expectations, contributing to Transparency,
Trust and Effectiveness [19]. Zhang (2020) addresses the chal-
lenges of interpretable deep learning, proposing new methods to
enhance transparency by combining attention mechanisms with
visual explanations, which focus on Transparency and Effective-
ness [50].

Lundberg and Lee (2017) propose SHAP values, a unified ap-
proach to interpreting model predictions that have gained signifi-
cant traction. SHAP values provide a theoretically soundmethod for
attributing the contribution of each feature to a prediction, enhanc-
ing the Transparency and Effectiveness of complex models [21].
Gunning (2019) outlines the DARPA Explainable AI (XAI) program,
which aims to produce more explainable models while maintaining
high performance, highlighting the need for user-centered expla-
nations, addressing Transparency, Trust, and Effectiveness [11].
Miller (2019) draws insights from social sciences to improve AI
explanations, emphasizing the importance of considering user per-
spectives and cognitive biases in the design of explanations, which
contributes toTransparency,Trust, and Effectiveness [25]. Caru-
ana et al. (2015) demonstrate intelligible models for healthcare,
showing the practical benefits of interpretable models in critical
applications such as predicting patient risk factors, focusing on Ef-
fectiveness and Responsibility [5]. Despite all the research, there

has been limited research on what constitutes a good explanation
in the context of AI systems. To address this gap, researchers have
developed frameworks grounded in philosophy, psychology, and
interpretable machine learning to investigate and define the char-
acteristics of effective explanations, which aim at Transparency
and Effectiveness [20].

Most existing approaches focus on implementing explainabil-
ity in classification tasks, where it is easier to identify common
features within a specific class and use them in explanations. How-
ever, explainability in recommendation tasks is more complex due
to additional factors such as user preferences, item description,
context, and short- and long-term trends that must be considered.
These factors make the task of providing clear and comprehensive
explanations more challenging but also more essential.

2.3 Explainability in Recommender Systems
Explainability in recommender systems has been explored to en-
hance user trust, transparency, interpretability, and satisfaction
[22]. Several studies have proposed different methods to achieve
these goals.

Abdollahi and Nasraoui (2017) use explainability for constrained
matrix factorization in recommender systems, improving User
Satisfaction by making recommendations more understandable
through the use of explainable factors, thus enhancing Trans-
parency [1]. Tintarev and Masthoff (2015) review design and eval-
uation strategies for explainable recommendations, reviewing how
explainability can be added to different recommender approaches,
including the importance of Transparency, Scrutability, Per-
suasiveness, Effectiveness, and Satisfaction [37]. Zhang and
Chen (2020) present a detailed survey on explainable recommenda-
tions, identifying key techniques and challenges such as the need
for personalized and context-aware explanations, aiming at Per-
sonalization, Transparency, and Trust [51]. Zhang et al. (2019)
further explore context-aware perspectives that can help to improve
explainability [46].

Kouki et al. (2019) introduce personalized explanations for hybrid
recommender systems, demonstrating how tailored explanations
can improve User Satisfaction by aligning recommendations with
user preferences and providing clear rationales, enhancing Trans-
parency and Trust [16]. Schmude et al. (2023) examine the effects
of algorithmic decision-making (ADM) systems’ transparency on
knowledge-sharing decisions, showing how explanations can in-
fluence user behavior and Trust [34]. Vig et al. (2009) introduced
the concept of tagsplanations, which makes recommender systems
explainable by predicting tag relevance and preference, providing
clear explanations for recommendations, focusing on Effective-
ness [40].

Wang et al. (2018) propose a multi-task learning approach to
generate explainable recommendations using opinionated text data,
highlighting the importance of textual explanations in enhancing
user understanding, aiming at Transparency, Satisfaction, and
Effectiveness [44]. Balog and Radlinski (2019) develop transparent
and scrutable user models for personalized recommendation, im-
proving user understanding of the system’s logic through clear and
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interpretable explanations, addressing Transparency, Scrutabil-
ity, and Trust [4]. Kouki et al. (2020) focus on automatically gener-
ating personalized explanations for hybrid recommender systems,
enhancing user engagement and trust by providing contextually
relevant justifications, focusing on Personalization and Engage-
ment [17].

Zhang et al. (2018) propose a framework for explainable recom-
mendation systems based on a knowledge graph combined with
multi-objective optimization. Their approach leverages the rela-
tionships between users and items to construct an explainable
candidate list, subsequently optimized for precision, diversity, and
explainability. This method is particularly focused on enhancing
Transparency and Effectiveness by clearly showing how rec-
ommendations are generated and why certain items are suggested
[47].

Abdollahi andNasraoui (2018) explore the application of knowledge-
based explainability in recommender systems, focusing on the inte-
gration of explicit knowledge sources to generate understandable
explanations for recommendations. Their work aims to enhance
Transparency and Trust by utilizing structured knowledge to
rationalize the recommendation process [32].

By understanding the specific aims of these approaches, we can
better design and evaluate explainable systems that meet the diverse
needs of stakeholders in the music recommendation domain. This
understanding highlights the potential gaps in current research and
underscores the importance of continued exploration in this field
to improve user experience and trust.

2.4 Explainability in Music Recommender
Systems

Research specifically focusing on explainability in music recom-
mender systems is relatively limited but growing. Several studies
have begun to address the unique challenges of this domain, aiming
to enhance transparency, trust, and user satisfaction.

Wang et al. (2019) explore explainable music recommendations
via linked data, leveraging semantic relationships between music
entities to provide clearer and more meaningful explanations, fo-
cusing on Effectiveness [45]. Afchar et al. (2021) implement an
explainable music recommendation system using matrix factor-
ization and clustering, demonstrating the effectiveness of these
techniques in the music domain by clustering similar user prefer-
ences and providing explanations based on these clusters, aiming
at User Satisfaction [3].

Zhao et al. (2018) use user comments to explain music recommen-
dations, showing the potential of natural language explanations for
enhancing the transparency of music recommendations in conver-
sational applications, focusing on User Satisfaction [53]. Castells
et al. (2015) discuss novelty and diversity in recommender systems,
which are critical for making music recommendations more en-
gaging and understandable by providing diverse and novel song
choices that can be explained in terms of user preferences, address-
ing User Satisfaction [6]. Zhao et al. (2019) propose personalized
experiences to explain music recommendations, demonstrating the
benefits of tailored explanations that align with individual user
tastes and preferences, focusing on Persuasiveness and Effective-
ness [52].

Melchiorre et al. (2022) introduce ProtoMF, a prototype-based
matrix factorization approach for explainable recommendations.
ProtoMF learns sets of user and item prototypes that capture gen-
eral consumption characteristics, representing users and items as
vectors of similarities to these prototypes. This aims are Effec-
tiveness, Fairness, and Transparency in recommendations by
allowing the prediction to be broken down into contributions from
distinct prototypes [24].

These studies highlight the unique challenges and opportunities
in making music recommender systems more explainable. By ad-
dressing these challenges, researchers can enhance user trust and
satisfaction, providing a more explainable and engaging experience
for users. Most of the approaches are task-specific and not easily
adaptable to existing models, indicating a gap that requires further
research. Despite the advancements, there remains a significant gap
in the literature, indicating a potential area for future research to
develop more robust and comprehensive transparent frameworks
for the music domain.

3 CONCLUSION
The advantages of recommender systems in improving our daily
decisions and optimizing resource use are undeniable. They sig-
nificantly contribute to saving time and money while enhancing
user satisfaction across different domains. However, the ambiguity
and uncertainty surrounding their suggestions pose a challenge
to user trust and acceptance. By focusing on transparent explain-
ability, we aim to bridge this gap, providing stakeholders with a
clearer understanding of how recommendations are generated and
fostering greater confidence in these systems. This approach will
not only improve user experience but also ensure that the benefits
of recommender systems are fully realized and appreciated.

In conclusion, while existing research underscores the signifi-
cance of explainability in recommender systems, there remains a
lack of comprehensive frameworks that effectively operationalize
these concepts. Much of the current literature focuses on the the-
oretical aspects and benefits of explainability, without providing
practical solutions that work seamlessly in real-world applications.
This paper highlights the necessity of moving beyond conceptual
discussions to develop and implement robust, transparent explain-
ability methods. Specifically, our interest lies in enhancing the
transparency of recommendations to various stakeholders involved
with the system. It is crucial to interpret and communicate the
reasoning behind recommendations in a manner that is clear and
meaningful to users, developers, and other related parties.
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