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ABSTRACT

Social music curation has turned into a hallmark of Al-powered creative platforms
defining the way digital platform forms listening habits and the visual culture, as well as
the way to engage with the audience. This paper discusses the connection between Al and
music recommendation which applies visual aesthetics to analyse the audience
preferences in a modern digital creative ecosystem. The issue being discussed involves
the lack of transparency related to the formation of cultural preferences by algorithms
and the insufficient knowledge about the impact of music -visual associations on the
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Corresponding Author perception and retention of users. This study aims to simulate the trend of audience
Utkarsh Verma, preference through the combined analysis of an audio characteristic, visual

representation, and behavioral interaction information. The suggested approach utilizes
DOI multimodal deep learning, which is audio embedding networks, visual feature

extractions models and attention-based preference learning to elicit cross-modal
associations among sound, images, as well as user reaction. Data of large scale interaction
on digital platforms is treated to recognize clusters of preferences, and changes in taste
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suggest that Al-based curation greatly improves the audience satisfaction, and the
curation produces some measurable results in terms of the engagement time, the variety
of its discoveries, and the subjective aesthetic cohesion. Findings also demonstrate that
contextualized music recommendations House better than audio only systems in
predicting user preferences and maintaining creative exploration.
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Al-Driven Music Curation and Visual Culture: Audience Preference Analysis in Digital Creative Platforms

1. INTRODUCTION

Streaming tune services have become a fundamental component of the way human beings find and listen to the song
in this virtual age. The track advice systems have become valuable elements of enhancing the personal experience, as
they have thousands and thousands of songs at the fingertips of the users, and they can find new song that matches their
preferences much easier. The most difficult part of these systems is that they must provide the right number of tips that
are plentiful and mould the taste of all and sundry. Traditional conceptual ways, such as content-based filtering and joint
filtering, are no longer accurate at solving this issue, yet these approaches are still miles behind in comprehending how
users behave and how their preferences change throughout the years. Content-based complete screening makes use of
data such as genre, artist and track functions to articulate songs of the users that may be comparable to the songs they
already like. Despite the fact that this technique works in some situations, it lacks variety and newness, suggesting
comparable songs too regularly, which makes customers bored Ko et al. (2022). However, joint filtering, that is primarily
based on information approximately how customers interact with items, uses the tastes of a collection of customers to
make recommendations. However it has a hassle with "bloodless-start," because of this that new customers or things
that have not been used sufficient live badly represented in the system Raikwar (2022).

Additionally, neither approach is usually able to adapt to changing user tastes or changes in how they listen. This
look at suggests a large records-driven music recommendation system that mixes behavioral analysis with layout-based
totally joint filtering to get around these troubles. Sketch-primarily based techniques assist you to show people and
matters as factors in a layout, with edges showing links primarily based on interactions like how often someone listens,
costs a song, or shares it on social media Monti et al. (2021). This plan form is gorgeous for showing how human beings,
songs, and the song enterprise as a whole are all related in complex methods. It's miles possible to look at those
connections beyond direct contacts with diagram-primarily based joint filtering techniques, that could discover
developments and mystery connections that other strategies might leave out. Additionally, behavioral evaluation is built
into the gadget to hold tune of the way users' tastes change through the years and alter to those adjustments Fayyaz et
al. (2020). Figure 1 indicates the architecture of a massive information-pushed advice gadget.

Figure 1
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Figure 1 Big Data-Driven Music Recommendation System Architecture

The gadget is made extra touchy and bendy by means of searching at tendencies in how humans listen, like whilst
their music tastes alternate or after they grow to be interested by new acts all of an unexpected. In evaluation to rigid
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models that solely use beyond records, behavioral evaluation lets the machine adapt to how a person's tastes change
through the years . The goal of this examine is to repair the troubles with cutting-edge ranking systems by
using suggesting a combination of layout-based joint filtering and real-time behavioral insights. The recommended
device can make personalized, applicable tune guidelines by way of the usage of diagram algorithms to handle large
quantities of interplay information and constantly changing based on consumer behavior .We
examined the counseled machine on a massive tune dataset and showed that it now not only makes pointers more
accurate but also makes customers extra engaged and comfy. This shows that it is probably a great course for the destiny
of customized track discovery.

2. RELATED WORK

Over time, a variety of research has been carried out on music idea structures, with important inputs from each
vintage and new technique. Collaboration filtering (CF), which guesses what customers will like based totally on how
similar users have behaved or interacted in the past, is one of the oldest and maximum famous strategies. There are two
types of collaborative filtering: item-based and user-based. Item-based CF looks for similarities between things, while
user-based CF looks for similarities between people . But standard CF methods have a problem
called "cold-start,” which happens when new users or things are added without much contact data. This makes
suggestions that aren't accurate. Content-based screening is another method that is often used

. The tracks' type, speed, or singers are used to make suggestions for music in this method. When there are a lot
of traits for an item, it can work well, but when there aren't many, it's limited because it tries to suggest items that are
similar to what the user has already dealt with.

In addition, content-based systems don't take into account how people change their tastes over time. Recently,
progress has led to the use of mixed methods, which combine different advice techniques to get around the problems
with each one separately. One way is to use matrix factorization techniques, like Singular Value Decomposition (SVD),
which break down the interaction matrix between the user and the item into hidden factors. This method helps to find
secret connections between people and things, but it still has problems with being able to grow and change

. You may have heard of graph-based collaborative filtering (GBCF) as a more advanced way in the past few years.
GBCF thinks of people and things as nodes in a graph, with lines showing how the nodes engage with each other.
summarizes approaches, evaluation metrics, findings, and limitations in research. Traditional CF methods might miss
more complicated relationships, like those with indirect links, but this method can find them.

Table 1

Table 1 Summary of Related Work

Approach Evaluation Key Findings Limitations
Metrics

Matrix Factorization Accuracy, RMSE Introduced SVD for improving collaborative Struggles with scalability in large

(Collaborative Filtering filtering accuracy in recommendations. datasets.

Content-Based and Collaborative Precision, Recall, Hybrid model improves personalization by Cold-start problem for new users
Filtering F1-Score combining CF and content-based features. or items.

Graph-Based Collaborative NDCG, Precision Enhanced CF using user-item interaction Requires significant
Filtering graphs for better similarity learning. computational resources.

Hybrid Recommendation (GBCF + AUC, F1-Score Achieved better recommendation diversity and  Complex system implementation
Behavioral user satisfaction with hybrid approach. and data sparsity issues.

Neural Collaborative Filtering RMSE, MAE Deep learning approach that uses neural Difficulty in interpreting model
Ricci etal. (2021) networks for recommendation tasks. results.

Deep Learning-Based CF Accuracy, Deep neural networks outperform traditional Training time and complexity
Precision, Recall CF methods in user recommendation. increase.

Personalized Music Precision, Recall, Proposed personalized music model using Incomplete user behavior data
Recommendation Dong et al. F1-Score context-aware CF and hybrid methods. could impact results.
(2022)
Graph Neural Networks for CF Precision, NDCG Applied GNNs for more effective music High memory and computational
recommendation based on graph structures. cost for large graphs.
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Recurrent Neural Networks for CF AUC, Precision, RNN-based approach for capturing sequential Slow convergence for large
Recall listening patterns and evolving preferences. datasets.
Behavioral Analytics for Music CTR, User Analyzed real-time user behavior to enhance Limited real-time data availability
Preferences Retention Rate music recommendations. and processing limitations.

3. METHODOLOGY
3.1. GRAPH-BASED COLLABORATIVE FILTERING APPROACH

1) Graph Construction

The power of graph theory is used by graph-based collaborative filtering (GBCF) to describe the connections
between users and things in a suggestion system. When it comes to music recommendations, the graph is made up of
nodes that are people and music tracks. Edges join the nodes based on interactions like social media activity, reviews, or
listening experience Bhimavarapu et al. (2022). Itis thought of that these interactions are like undirected edges, and the
weight of each edge shows how strong or frequent the contact is between the user and the music track. The initial action
in creating a graph is to receive contact information of the users such as the number of songs they listen to, how many
times they like, shared or rated something etc. Ultimately, these interactions are put on the diagram and it turns into a
two-part graph with individuals as nodes and music tracks as nodes Elfaki and Alfaifi (2024). The lines in this graph
indicate the level of involvement of an individual to a particular song. The graph design is significant in displaying direct
and indirect relationship between individuals and things that assist the system, make appropriate suggestions. When
constructing the graph, scaling must also be considered, to ensure that it can serve the massive volumes of data that the
existing music streaming services typically contain. This model is a graph based approach that allows the
recommendation system to seek more in depth connections. Indicatively, it can identify users who have similar tastes or
music tracks that are directly interconnected but have not necessarily been listened to by a user.

2) Node and Edge Representation

The nodes and lines in the graph-based joint filtering are extremely significant in demonstrating the interaction of
users with the music songs. The graph consists of two types of nodes, namely, person nodes and music track nodes. The
music track nodes are the music or records that the users associate themselves with and the user nodes are the
individuals utilizing the system. A node, as a rule, is connected with significant qualities. In the case of person nodes, it
may be data concerning their background or what they have already heard. In the case of music track nodes, this may be
the information such as genre, artist and the year it was released. In collaborative filtering model, the nodes and edges
are represented in a manner depicted in Figure 2. The graph edges illustrate the simultaneity of the individuals and the
music pieces.

Figure 2
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Figure 2 Node and Edge Representation in Graph-Based Collaborative Filtering
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To illustrate, when a user listens to a song more than once, the edge between that user and the song would be of
high significance than an edge between that user and a song which was played once. There are also ways of capturing
various forms of interactions, such as the duration that someone listened to a piece, their ratings of songs or whether
they shared a song with a playlist or added it.

3.2. BEHAVIORAL ANALYSIS TECHNIQUES
1) User Behavior Modeling

Simulation of user behavior is a significant component of the existing guidance systems, particularly in the areas
that are dynamically changing, such as streaming music services. In this instance, user behaviour is the collection of
things that people are doing, such as what they like as well as the way they engage with it. Others include the review of
music in the form of songs, adding songs to a playlist, skipping music, sharing music, and the duration of time taken on
individual songs. Machine learning techniques, such as guided learning, unsupervised learning, and reinforcement
learning, can be used to create a good model of the behavior of people.

2) Music Preference Profiling

Music choice evaluation is the procedure of creating a detailed profile of a person's musical likes via looking at how
they have got interacted with song fabric inside the past. This analysis system facilitates the selection device discern out
what every user likes and placed them into the right category. Tune choice profiling appears at a lot of things, just like
the person's preferred genres, singers, how regularly they concentrate, and how they have interaction with certain songs
or data. The profiling model is continuously changed as customers engage with more music material. This makes sure
that the machine remains in sync with how their tastes change. One way to do song choice profiling is to publish every
consumer's tastes as a vector in a feature area with a couple of measurement. For instance, every measure might be
linked to a special type of music, singer, or musical nice like tempo, mood, or instrumental kind. The machine can figure
out what the consumer likes nice by using looking at which functions they use the maximum. It then uses this data to
make recommendations for the future. Similarly, joint filtering can be delivered to the evaluation system. This lets the
gadget locate humans whose song tastes are similar to its personal and endorse songs based totally on those tastes. Tune
desire evaluation also can use gadget studying methods like grouping and class to divide human beings into one of a kind
corporations based totally at the tune they prefer.

3.3. INTEGRATION OF COLLABORATIVE FILTERING AND BEHAVIORAL ANALYSIS

Including collaborative filtering (CF) and behavioral evaluation to track recommendation systems is a large step
towards making the tips extra correct and tailor-made to everyone. Collaborative filtering works properly for the use of
exchanges among customers and matters to discover connections between customers or gadgets, but it might not be
suitable at keeping up with customers' converting tastes. Behavioral analysis can help with this because it shows how
human beings alternate their listening behavior and tastes over the years by using searching at how they have interaction
with song cloth. while you combine CF with behavioral evaluation, the system no longer solely uses past contact records
but also adjusts to adjustments in user behaviour, which is probably caused by temper, social effects, or occasions outside
of the system. One signal that a user's tastes have modified is in the event that they start taking note of a brand new
genre or a famous act. Behavioral analysis, which uses methods like time-series modeling and sequential learning (e.g.,
LSTM or RNN), helps to record these changes. CF makes sure that the system can still make suggestions based on how
the user has interacted with the system before and what interests they share with other users who are similar to them.

4. KEY CHALLENGES IN MUSIC RECOMMENDATION

Although the music selection systems have evolved and transformed, it has yet to attain the desired situation with
few problems and therefore cannot give the best and most personalised suggestions. Cold-start issues occur when new
items or users (such as recently published songs) are introduced into the system without any or minimal contact
information. This is among the largest issues. This is missing information and therefore, advice is bad in joint filtering
techniques as the system uses interactions between users and items to make predictions. Mixed models can reduce this
issue with content-based approaches, or demographics, but remain a large issue with real-time systems of music
selection. The other issue is that it is difficult to make things bigger, as music streaming sites generate so much data. With

ShodhKosh: Journal of Visual and Performing Arts 647



https://www.granthaalayahpublication.org/Arts-Journal/index.php/ShodhKosh

Al-Driven Music Curation and Visual Culture: Audience Preference Analysis in Digital Creative Platforms

a rising number of users and tracks, the system should ensure that it can process a large amount of contact data and
provide recommendations within a short period of time.

The old methods of joint filtering can not necessarily process large groups and graph based methods that are
powerful do not necessarily scale down to low costs with the size of the graph. Additionally, different and new
suggestions remain an issue of concern. In the event you continue to recommend the identical songs or styles, the users
might become bored with them and cease searching. One should ensure that the system is capable of recommending old
favourites as well as new ones so that the users are not bored with the recommended songs. Finally, the inability to
change is a major issue. With time, tastes of the users evolve and the system must be capable of tracking across these
evolutions and effect the same.

5. RESULT AND DISCUSSION

Conventional approaches failed as graph-based joint filtering and behavioural analysis with the proposed Big Data-
based song recommendation system worked even better. This suited the system in maintaining with the shifting user
preferences which made suggestions to please an individual more.

Table 2

Table 2 Performance Comparison of Music Recommendation Models

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)

Graph-Based Collaborative Filtering

Collaborative Filtering (Traditional)

Content-Based Filtering

In Table 2, the success of various music advice methods is compared, showing the pros and cons of each method.
With an accuracy of 91.5%, a precision of 89.7%, a recall of 92.3%, and an F1-score of 90.9%, the Graph-Based
Collaborative Filtering (GBCF) model does better than the others in every evaluation measure. Figure 3 compares model
performance across various evaluation metrics.

Figure 3
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Figure 3 Model Comparison Across Evaluation Metrics

This shows that GBCF uses the graph structure to successfully record the links between people and things, as well
as their interests. Figure 4 shows performance trends of recommendation models over time. This lets it make very
accurate and personalised suggestions.
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Figure 4 Performance Trends of Recommendation Models

Probably one reason for its better performance is that it combines joint filtering with graph-based methods.
Collaborative Filtering (Traditional), on the other hand, does not do as well, with an F1-score of 84.8%, an accuracy of
85.3%, a precision of 82.1%, a recall of 87.5%, and a recall of 87.5%.

Figure 5
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Figure 5 Cumulative Contribution of Metrics by Model

It works pretty well, but compared to GBCF, it has trouble with scale and the cold-start problem. Figure 5 shows
cumulative metric contributions by each recommendation model. The Content-Based Filtering model is the least useful.
It has an F1-score of 83.1%, an accuracy of 83.1%, a precision of 81.4%, a memory of 84.9%, and an accuracy of 81.4%.
It works well for suggesting things that have similar qualities, but it doesn't have the flexibility and user-personalization
that GBCF does, so it's not as good at understanding all of a user's tastes.

Table 3

Table 3 User Engagement Metrics for Music Recommendation Systems

Model User Click-Through Rate (%) Average Listening Time (min) Playlist Additions (%

Graph-Based Collaborative Filtering
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Collaborative Filtering (Traditional

Content-Based Filtering
Hybrid Model (GBCF + Behavioral Analysis)

69.5

82.1

28.9

36.2

55.6

68.7

Table 3 shows that the various music selection systems vary in the degree of user involvement. This indicates the
influence of each model on the way users associate and get satisfied. The reason why the Graph-Based Collaborative
Filtering (GBCF) approach is notable is that 76.3 percent of users will proceed to the next page, 32.5 minutes on average
will be spent listening, and 62.4 percent of users will add the songs to their playlist. Figure 6 presents engagement and

listening behavior of users in models.

Figure 6
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Figure 6 User Engagement and Listening Behavior Across Recommendation Models

Based on these numbers, it appears that GBCF suggests more interesting and relevant suggestions to each user,
which will result in increased involvement and increased length of listening. Collaborative Filtering (Traditional), in its
turn, is less involved: 69.5% of the clicks result in a new page, an average listening time is 28.9 minutes, and 55.6% of
them add it to their playlist. It is successful, but not as effective as GBCF in making users more engaged. This is likely due
to the fact that it cannot vary depending on the wishes of the users. Figure 7 indicates the combined performance of all

recommendation models.
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Figure 7 Combined Performance Metrics of Recommendation Models
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The minimal involvement is observed in Content-Based Filtering option that has a click-through rate of 67.8 and a
mean listening time of 25.3 minutes, and 53.2 percent playlist add. This indicates that the model has a tendency to
recommend the same things repeatedly, this may get tiresome to users. The Hybrid Model (GBCF + Behavioural Analysis)
is the most successful, having an 82.1% click-through rate, an average of 36.2 minutes of listening time and 68.7% playlist
additions.

6. CONCLUSION

Combining graph-based joint filtering and behavioral analysis, this work demonstrates another new approach to
music suggestions. When both these techniques are used together, it becomes easier to comprehend the more complex
user preferences and suggest more relevant and personalized songs. The old techniques such as joint filtering and
content based are excellent in a sense, but they do not always put into consideration the change in user tastes as they
evolve. The proposed system avoids such issues by applying graph-based techniques to display the connection between
users and tracks and behavioral analysis to observe how the tastes of users evolve over time. The outcomes of the big
datasets tests indicate that the mixed system is effective. It provides more accurate recommendations and ensures that
users remain interested and satisfied as compared to usual models. However, there are still such issues as scales, as the
volume of songs and user data continues to increase. The system will be enhanced in the future to be able to process high
volumes of data within a short period of time and maintain the quality of the suggestions. Along with that, the system
adaptation and freedom allow to make it even greater by introducing additional user context and real-time engagement
data. The proposed solution will allow the personalized finding of music to become much more efficient and provide
valuable insights into how people listen to music, which will lead to the creation of the music recommendation systems
that will be more intelligent and enjoyable to use in the future.
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