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Abstract−Personalizing music recommendations has become a significant challenge on music streaming platforms such as Spotify 

due to the vast number of available songs and the limitations of conventional recommendation systems in accurately capturing user 

preferences. In addition, traditional single-method recommendation approaches often face the cold start problem, which reduces 

the effectiveness of generated recommendations. Therefore, this study aims to develop and evaluate a hybrid recommendation 

system that integrates the K-Means Clustering algorithm and Deep Collaborative Filtering based on Neural Matrix Factorization 

to improve the relevance of music playlist recommendations. The dataset used in this study consists of more than 15,151 Spotify 

songs obtained from the Spotify dataset available on Kaggle. The dataset was processed through several stages including data 

inspection, data cleaning, feature selection, and standardization. Audio features used in the analysis include danceability, energy, 

acousticness, instrumentalness, valence, tempo, and duration. The optimal number of clusters was determined using the Elbow 

Method and Silhouette Score, resulting in five clusters with a relatively balanced data distribution. The clustering results were then 

used as the basis for Cluster-Based Filtering to narrow the search space of candidate songs before being processed by the Neural 

Matrix Factorization model. Performance evaluation was conducted using Hit Ratio at rank 10 and Normalized Discounted 

Cumulative Gain at rank 10. The proposed model achieved values of 0.1110 and 0.0507, respectively, indicating that the integration 

of clustering and deep collaborative filtering can improve the effectiveness and personalization of music recommendation systems. 

This study contributes by proposing a hybrid recommendation framework that integrates clustering-based item grouping with deep 

collaborative filtering to improve recommendation efficiency and playlist personalization in large-scale music streaming platforms.  
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1. INTRODUCTION 

The growth of music streaming platforms such as Spotify, Apple Music, and JOOX in recent years has significantly 

transformed the way users access and enjoy music. As one of the largest platforms with millions of active users, 

Spotify faces significant challenges in providing accurate, relevant, and personalized music recommendations. The 

complexity of user preferences, the vast diversity of the music catalog, and the dynamics of listening habits make it 

difficult for traditional recommendation systems to deliver satisfactory results. The primary issue frequently 

encountered in music recommendation systems is the cold start problem, a condition where new users or new songs 

lack sufficient historical data for analysis. Additionally, data sparsity in interaction records leads to low prediction 

accuracy, while content-based approaches often fail to capture latent characteristics that represent the users’ actual 

preferences. These conditions indicate the need for a more adaptive approach capable of integrating various 

information sources to enhance recommendation performance. 

Efforts to address these issues have been explored in various recent studies. Deep learning-based 

recommendation systems have become widely adopted due to their ability to learn complex latent representations of 

users and items. Research on Music Recommendation System on Spotify Using Deep Learning [1] demonstrates that 

deep neural network methods can improve recommendation accuracy compared to traditional recommendation 

approaches. However, the study mainly focuses on deep learning models without incorporating techniques that can 

reduce the recommendation search space before the prediction process. Other research comparing content-based, 

collaborative filtering, and hybrid filtering approaches[2] found that the hybrid approach provides more stable and 

accurate results by leveraging the advantage of both approaches. Nevertheless, the study mainly combines 

conventional recommendation techniques and does not explore the integration of deep learning-based collaborative 

filtering models. Furthermore, research related to music clustering using the K-Means algorithm [3] shows that Spotify 

audio features such as danceability, energy, valence, and tempo can be used to form clear music segmentations, 

thereby helping to understand the characteristics of different music groups. However, the clustering results are 

primarily used for data grouping and are not integrated into a deep learning-based recommendation framework. These 

limitations indicated that previous studies tend to examine clustering techniques, hybrid filtering approaches, and deep 

learning models separately, leaving a research gap in integrating clustering-based item grouping with deep 

collaborative filtering models to improve the effectiveness and personalization of music recommendation systems. 

Furthermore, research on boarding house recommendation systems based on Clustering and Collaborative 

Filtering [4] demonstrates that the integration of these two approaches can reduce the search space and improve 

recommendation accuracy. Although the application domain differs, the methodology of that study highlights the 

effectiveness of hybrid filtering strategies in recommendation systems. This approach is also relevant to the music 

domain because music recommendation systems must process a very large catalog of songs, making it important to 
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limit the recommendation search space before performing prediction. By grouping similar items through clustering, 

the systems can focus on more relevant candidate songs, thereby improving recommendation efficiency and accuracy. 

Meanwhile, research on Neural Collaborative Filtering (NCF) for movie recommendations [5] proves that the Neural 

Matrix Factorization (NeuMF) model provides more accurate prediction results than conventional matrix factorization 

due to its ability to learn non-linear interactions between users and items. This capability is particularly important in 

music recommendation systems, where user listening behavior is often complex and influenced by multiple latent 

factors such as mood, genre preference, and listening context. Deep learning models such as NeuMF are therefore 

suitable for capturing these complex patterns in user-music interactions. 

However, several limitations remain in existing studies. Research conducted in [6] investigates the use of the 

K-Means clustering algorithm to group Spotify songs based on audio features such as danceability, energy, and 

valence in order to identify music segments with similar characteristics. Although the study successfully forms several 

music clusters, the clustering results are mainly used for data grouping and are not integrated with deep learning-based 

recommendation models. Furthermore, research presented in [7] applies the Neural Matrix Factorization (NeuMF) 

model within the Neural Collaborative Filtering framework to improve recommendation accuracy by learning 

complex non-linear interactions between users and items. However, the implementation of NeuMF in that study is 

primarily conducted in domains such as movies, e-commerce, or hospitality, and its application in music 

recommendation systems that incorporate audio feature-based clustering remains limited. In addition, there is still 

limited research that explicitly uses K-Means clustering results as item groupings to restrict the recommendation 

search space before applying deep collaborative filtering models. In addition, previous studies using Spotify datasets 

such as [8] generally focus on descriptive analysis or conventional recommendation techniques using relatively 

moderate-sized datasets. In contrast, this research utilizes a Spotify dataset consisting of more than 15,000 songs with 

complete audio features, enabling a more comprehensive analysis of music characteristics and recommendation 

performance. Consequently, there is a research gap that has not been widely explored, namely the integration of 

unsupervised learning through clustering with deep learning-based recommendation models to significantly enhance 

playlist personalization. 

Despite the advancements, several limitations remain in existing studies. Previous research generally 

investigates clustering techniques, hybrid filtering approaches, and deep learning models separately. Studies utilizing 

K-Means clustering mostly focus on music segmentation or descriptive analysis without integrating clustering results 

into the recommendation prediction process.On the other hand, studies applying Neural Collaborative Filtering models 

mainly rely on user-item interaction data without incorporating content-based grouping that can reduce the 

recommendation search space. Consequently, the integration of clustering-based item grouping with deep 

collaborative filtering models in music recommendation systems remains relatively limited. This research gap 

highlights the need for a hybrid framework that combines clustering-based item grouping with deep collaborative 

filtering to improve recommendation efficiency and personalization in large-scale music streaming platforms. 

This research proposes a hybrid recommendation system that combines the K-Means Clustering algorithm with 

Deep Collaborative Filtering (DCF) based on Neural Matrix Factorization (NeuMF). In the initial stage, data is 

processed through cleaning, feature selection, and standardization of 15,151 songs from Spotify. Audio features such 

as danceability, energy, acousticness, instrumentalness, valence, tempo, and duration are used as the basis for the 

clustering process. Based on the Elbow method and Silhouette Score, five optimal clusters were obtained with 

distributions reflecting music types such as high-energy songs, acoustic songs, mellow songs, and instrumental tracks. 

These clustering results then serve as the initial search space to narrow down the recommendation area before being 

analyzed by the NeuMF model. 

The objectives of this research are to: (1) develop a hybrid-based music recommendation system that integrates 

clustering and deep collaborative filtering; (2) analyze the quality of clusters formed from Spotify audio features; (3) 

evaluate the capability of the NeuMF model in predicting user preference scores; and (4) demonstrate that the 

integration of unsupervised learning methods with deep learning-based recommendations can mitigate the cold start 

problem and enhance music recommendation personalization on streaming platforms. Through this approach, this 

research is expected to provide both scientific and practical benefits in developing more adaptive, intelligent, and 

effective music recommendation systems. 

The main contribution of this research lies in the integration of K-Means Clustering with Deep Collaborative 

Filtering based on Neural Matrix Factorization within a unified hybrid recommendation framework. Unlike previous 

studies that examine clustering or deep learning approaches separately, this study utilizes clustering results as a 

filtering mechanism to reduce the recommendation search space before applying the NeuMF model. This approach 

improves recommendation relevance while also increasing computational efficiency when dealing with large-scale 

music datasets. 

2. RESEARCH METHODOLOGY  

This research utilizes a Spotify song dataset encompassing over 15,000 tracks to develop a music recommendation 

system through a Hybrid Recommendation System approach. The steps include data collection as well as cleaning, 

selection, and standardization of audio features, song grouping using the K-Means Clustering algorithm, determination 
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of the optimal number of clusters using the Elbow Method and Silhouette Score, plus the development of a 

recommendation model based on Deep Collaborative Filtering with Neural Matrix Factorization (NeuMF). 

Assessments are conducted to evaluate the clustering quality and the effectiveness of the generated suggestions. All 

stages are implemented using the Python programming language, with the support of Scikit-learn, TensorFlow, and 

Keras libraries. It is expected that these findings can improve music playlist personalization and address the cold start 

problem in music streaming services. 

2.1 Research Stages  

This research is conducted by utilizing a dataset obtained from the Spotify API as the primary data source. The study 

begins with the data collection and preparation stages, which serve as the foundation for the grouping process using 

the K-Means Clustering method. Before the data is processed for the clustering stage, data Preprocessing and data 

validation are performed to ensure the dataset does not contain dummy data, duplications, or invalid values. 

Subsequently, data cleaning, feature selection, and standardization are carried out on the audio features used, such as 

danceability, energy, acousticness, instrumentalness, valence, tempo, and duration. The processed data is then used 

for the training phase of the K-Means algorithm, with the optimal number of clusters determined using the Elbow 

Method and Silhouette Score. The results of the song clustering are then utilized as item groupings to narrow the 

recommendation search space before further processing using the Deep Collaborative Filtering method based on 

Neural Matrix Factorization (NeuMF). The final stage of the research involves an evaluation to analyze the clustering 

quality and the effectiveness of the resulting recommendation system. A more detailed illustration of these research 

stages can be found in Figure 1. 
 

 

Figure 1. Research Stages 

2.2 Data Collection  

The research data was obtained from the Kaggle website in the form of a Microsoft Excel file containing more than 

15,000 Spotify song entries. This dataset includes several key audio variables, such as danceability, energy, 

acousticness, instrumentalness, valence, tempo, and duration, which represent the characteristics of each song. This 

information also serves as the primary basis for the analysis, grouping, and development of the music recommendation 

system based on a Hybrid Recommendation System, which integrates K-Means Clustering and Deep Collaborative 

Filtering using Neural Matrix Factorization (NeuMF) [2].   

2.3 Data Preprocessing & Validation 

The Data Preprocessing and Validation stage is conducted to ensure the quality and suitability of the dataset before it 

is used in the analysis and modeling process. The dataset is first thoroughly examined to identify the data structure, 

data types, and value distribution of each audio feature [6]. At this stage, checks are performed for missing values, 

duplicate data, and value anomalies that fall outside logical ranges, particularly in numerical features such as tempo, 

duration, and energy [9]. 

Subsequently, the data validation process is carried out to ensure that all data used is authentic and 

representative, and does not contain dummy or synthetic data that could affect the research results. Validation is 

performed by checking the consistency of values across audio features, the alignment of value ranges with Spotify's 

standard audio characteristics, and the data distribution of each variable. Data detected as invalid, inconsistent, or 

duplicated is removed from the dataset. The output of this stage is a clean dataset that is suitable for the data 

preprocessing, clustering, and development phases of the Hybrid Recommendation System. 

The results of the Data Preprocessing indicate that the dataset contains no significant duplicate data or missing 

values; therefore, all data is declared valid and feasible for the clustering and recommendation modeling processes. 

2.4 K-Means Clustering 

Clustering refers to the process of grouping entities, such as records, observations, or objects, based on their 

similarities to form classes or groups. One example of a clustering algorithm is K-Means Clustering. The K-Means 

Clustering algorithm operates by partitioning data into distinct groups based on the similarity of their attributes [8]. 

https://ejurnal.seminar-id.com/index.php/bits
https://doi.org/10.47065/bits.v7i4.9181
https://creativecommons.org/licenses/by/4.0/


Building of Informatics, Technology and Science (BITS)  
Volume 7, No 4, March 2026 Page: 2609−2617 
ISSN 2684-8910 (media cetak) 
ISSN 2685-3310 (media online) 
DOI 10.47065/bits.v7i4.9181    

Copyright © 2026 Author, Page 2612  
This Journal is licensed under a Creative Commons Attribution 4.0 International License 

The primary objective of this algorithm is to minimize intra-clustering variance while maximizing inter-cluster 

differences so that each group possesses homogeneous characteristics.  

In this research, K-Means Clustering is applied to group Spotify songs based on audio features such as 

danceability, energy, acousticness, instrumentalness, valence, tempo, and duration. Before the clustering process is 

conducted, the data undergoes data cleaning, feature selection, and standardization to ensure scale uniformity across 

features [6]. The determination of the optimal number of clusters is performed using the Elbow Method and  Silhouette 

Score, aiming to achieve a cluster count with the best balance between model complexity and grouping quality [10]. 

The evaluation results for the number of clusters are presented in the form of an Elbow Method graph and 

Silhouette Score values, as well as summarized in a distribution table of the number of songs in each cluster. These 

visualizations and tables are used to analyze the characteristics of each cluster and ensure that the resulting song 

segmentation has clear separation and representation. The generated clusters are then utilized as an initial stage (pre-

processing) to narrow the Search Space before the data is further processed using the Deep Collaborative Filtering 

model. 

2.4.1 Elbow Method and Silhouette Method 

Determining the optimal number of clusters (K) is a crucial stage in the K-Means algorithm as it significantly 

influences the quality of the data grouping results. One commonly used approach is the Elbow Method, which involves 

calculating the within-cluster sum of squares (WCSS) for various K values. The WCSS value consistently decreases 

as the number of clusters increases; however, this decrease typically slows down at a specific point, forming an angle 

resembling an (Elbow). This point indicates the optimal number of clusters, as adding further clusters does not yield 

a significant improvement in cluster quality [11]. Nonetheless, determining the elbow point can often be subjective, 

especially with data containing complex patterns [12]. 

To address these limitations, the Silhouette Method is employed as a more objective supplementary evaluation 

method. This method measures cluster quality based on the degree of data cohesion and separation, using a silhouette 

coefficient ranging from -1 to 1. A value approaching 1 indicates that the data has high suitability within its cluster, 

which is considered favorable [12]. The optimal number of clusters is determined based on the highest average 

silhouette coefficient across the entire dataset [13]. 

The simultaneous use of the Elbow Method and Silhouette Method is considered capable of providing more 

valid results in determining the optimal number of clusters for the K-Means algorithm. Several previous studies have 

shown that the combination of these two methods is effective for grouping Spotify-based music data, both for 

recommendation systems and song characteristic analysis [13],[14]. Furthermore, cluster evaluation using the 

Silhouette Method yields values indicating good cluster quality, thereby supporting the selection of the K value 

obtained from the Elbow Method [15]. 

2.5 Cluster-Based Filtering 

Cluster-Based Filtering is a filtering approach in recommendation systems that utilizes clustering results to narrow 

the search space before the recommendation process is conducted [4]. In this research, this approach is implemented 

using K-Means Clustering results, where each song is grouped based on the similarity of audio features such as 

danceability, energy, acousticness, instrumentalness, valence, tempo, and duration [8]. By limiting the 

recommendation process to relevant clusters, the system can improve computational efficiency and the relevance of 

the generated recommendations. 

The output of Cluster-Based Filtering will subsequently be used as input for the Deep Collaborative Filtering 

based on Neural Matrix Factorization (NeuMF). This integration allows the model to learn user preference patterns 

more specifically within the scope of a particular cluster, thereby enhancing prediction accuracy and reducing cold 

start problems in music recommendation systems [2]. 

2.6 Deep Collaborative Filtering (NeuMF) 

Deep Collaborative Filtering (DCF) is a recommendation system method that combines collaborative filtering with 

deep learning to capture non-linear relationships between users and items. In this research, DCF is implemented 

through Neural Matrix Factorization (NeuMF), which integrates two main elements: Generalized Matrix 

Factorization (GMF) and Multi-Layer Perceptron (MLP), with the aim of obtaining deeper latent representation of 

users and songs [16]. 

Mathematically, the GMF component models the linear interaction between users and songs through an 

element-wise product operation, formulated as: 

ϕ𝐺𝑀𝐹 = 𝑝𝑢 ⊙ 𝑞𝑖                                                                                                    (1)         

Where 𝑝𝑢 and 𝑞𝑖 represent the latent vectors of the user and the song, respectively. 

Meanwhile, the MLP component is used to capture non-linear relationships by combining the latent vectors of 

the user and the song, formulated as: 

ϕ𝑀𝐿𝑃 = 𝑓(𝑊[𝑝𝑢; 𝑞𝑖] + 𝑏)                                                                                         (2) 
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With 𝒇(⋅) as the non-linear activation function, 𝑊 as the neural network weights and 𝑏 as the bias. 

The outputs from GMF and MLP are then combined to generate a predicted preference score using the 

following equation:  

𝑦𝑢𝑖̂ = σ(ℎ𝑇[ϕ𝐺𝑀𝐹; ϕ𝑀𝐿𝑃])                                                                                          (3)  

Where σ(⋅) is the sigmoid activation function and 𝑦𝑢𝑖̂ indicates the preference level of user 𝑢 toward song 𝑖. 
The NeuMF model is trained using interaction data that has been filtered through the Cluster-Based Filtering 

stage, ensuring the learning process is focused on songs within relevant clusters. This approach is expected to improve 

recommendation accuracy and mitigate cold start problems in deep learning-based music recommendation systems 

[17]. 

2.7 Evaluation and Analysis 

The evaluation and analysis of this model are conducted to assess the effectiveness of integrating K-Means Clustering 

and Deep Collaborative Filtering based Neural Matrix Factorization (NeuMF) in improving music recommendation 

quality. Evaluation results at the clustering stage indicate that the use of the Elbow Method and Silhouette Score 

successfully generates an optimal number of clusters that clearly represent song segmentation based on audio feature 

similarities, thereby supporting the Cluster-Based Filtering process within the recommendation system [18]. 

Furthermore, the performance analysis of the NeuMF model shows that learning user-song interaction patterns within 

a search space narrowed by clustering is able to enhance recommendation stability and relevance [19]. This hybrid 

approach is proven to be more effective than single-method approaches, particularly in mitigating the impact of cold 

start problems and improving the overall personalization level of music playlist recommendations, as also 

demonstrated in research on hybrid and deep learning-based recommendation systems within the domains of music 

and digital content [20]. 

3. RESULTS AND DISCUSSION 

3.1 Data Collection  

In the data collection stage, this research obtained a dataset from the Kaggle website, stored in an Excel file format 

and sourced from the Spotify Application Programming Interface (API). The dataset consists of 15,151 song entries 

containing several key audio variables, including danceability, energy, acousticness, instrumentalness, valence, 

tempo, and duration. The acquired data then serves as the foundation for the analysis and modeling of the music 

recommendation system, following examination, cleaning, and data preparation stages to ensure the quality and 

consistency of the dataset used in this study. An example of the Spotify song data structure used in this research is 

presented in Table 1. 

Table 1. Spotify songs data 

N

o 

Track Artist Year Danceabilit

y 

Energ

y 

Acousticnes

s 

Instrumentalnes

s 

Valenc

e 

Temp

o 

1 Billie 

Jean 

Michae

l 

Jackson 

198

2 

0.790 0.803 0.019 0.000 0.864 117.0 

2 Bohemian 

Rhapsody 

Queen 197

5 

0.392 0.402 0.271 0.000 0.224 72.7 

3 Imagine John 

Lennon 

197

1 

0.605 0.313 0.826 0.000 0.379 75.0 

4 Hotel 

Californi

a 

Eagles 197

6 

0.585 0.508 0.296 0.000 0.609 147.0 

5 Smells 

Like Teen 

Spirit 

Nirvan

a 

199

1 

0.521 0.954 0.000 0.000 0.720 116.0 

3.2 Data Preprocessing & Validation 

In the preprocessing stage, a data cleaning process is conducted to ensure the quality of the Spotify song dataset before 

further analysis. First, all audio attributes are examined to identify the presence of missing values, duplicate data, and 

anomalies. Subsequently, numerical features such as danceability, energy, acousticness, instrumentalness, valence, 

tempo, and duration are ensured to be in a consistent numerical format for computational processing. Invalid data, 

including missing values or duplicates, are removed from the dataset. Following this, a data standardization process 

is performed to equalize the scales across features, preventing any specific attribute from dominating the distance 
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calculations in the K-Means algorithm. This stage produces a cleaner, more structured dataset that is ready for the 

clustering process and the development of the Hybrid Recommendation System.  

3.3 K-Means Clustering 

At this stage, based on the results of the clustering process on the dataset used, five main clusters were obtained with 

a relatively balanced data distribution. Cluster 1 has the largest membership with 5,384 songs, followed by Cluster 0 

with 4,390 songs, Cluster 3 with 3,240 songs, Cluster 4 with 1,169 songs, and Cluster 2 with the smallest membership 

of 967 songs. This distribution indicates that the dataset possesses diverse variations in audio characteristics and is 

not concentrated in one specific group. 

Subsequently, an analysis of the mean values for each audio feature within each cluster was conducted to identify the 

resulting music characteristics. A summary of the mean audio feature values for each cluster, along with the number 

of songs included, is presented in Table 2. 

Table 2. Average clustering results 

 

Table 2 presents the average values of audio features for each cluster obtained from the K-Means clustering 

process. The results show distinct differences in musical characteristics across clusters. Cluster 4 has the highest 

danceability value (0.706) and relatively high energy (0.669), indicating that this cluster is dominated by rhythmic 

and energetic songs that are suitable for upbeat playlists. Cluster 1 also shows high danceability (0.685) and energy 

(0.669) with a relatively high valence value (0.772), suggesting that songs in this cluster tend to have a positive and 

lively mood. Cluster 3 is characterized by high acousticness (0.703) and relatively low energy (0.333), indicating that 

this cluster mostly contains acoustic or softer songs. Cluster 2 shows the highest acousticness value (0.604) with 

moderate energy levels, which suggests that this group may represent balanced songs between acoustic and rhythmic 

characteristics. Meanwhile, Cluster 0 shows moderate values across most features, indicating a more balanced mix of 

musical characteristics compared to other clusters. 

3.3.1 Elbow Method and Silhouette Method 

At this stage, the determination of the optimal number of clusters was conducted based on the evaluation results using 

the Elbow Method and Silhouette Method on the Spotify song dataset used in the study. Testing was performed by 

trying several K values to observe the resulting changes in inertia and Silhouette Score. 

Based on the Elbow Method graph, a significant decrease in inertia is observed up to K = 5, after which the 

decline tends to level off at subsequent K values. This pattern indicates that K = 5 is the optimal point, as increasing 

the number of clusters beyond this value does not yield a meaningful improvement in clustering quality. The 

visualization of the Elbow Method and Silhouette Method results is shown in Figure 2.  

 

 Figure 2. Elbow Method and Silhouette Method graphs 

Figure 1 illustrates the evaluation process for determining the optimal number of clusters using the Elbow 

Method and Silhouette Score. The Elbow Method graph shows the relationship between the number of clusters (K) 
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and the inertia value. As the number of clusters increases, the inertia value gradually decreases, indicating that the 

data points are grouped more compactly within each cluster. However, the decrease becomes less significant after K 

= 5, forming an elbow point that suggests an appropriate number of clusters. 

The evaluation results using the Silhouette Method reinforce these findings. The highest Silhouette Score was 

obtained at K = 5, indicating that partitioning the data into five clusters produces the most effective and consistent 

level of separation between clusters compared to other K values. Based on the results of both evaluation methods, the 

number of clusters used in this study is set to five. These clustering results are subsequently utilized as the basis for 

implementing Cluster-Based Filtering to narrow the recommendation search space and improve recommendation 

relevance before further processing using the Deep Collaborative Filtering method. 

3.4 Cluster-Based Filtering 

At this stage, the clustering results obtained previously are used to group songs based on the similarity of their audio 

characteristics. Each song in the dataset has been assigned a cluster label representing a specific music segment, such 

as high-energy tracks, acoustic songs, mellow-toned pieces, or instrumental-dominant tracks. 

The utilization of these clusters aims to narrow the recommendation search space, where the recommendation 

process is no longer performed across the entire dataset but is instead focused on songs within the same cluster or 

those possessing similar characteristics. Through this approach, the system is able to reduce computational complexity 

and enhance the relevance of the recommended song candidates. 

The results of the Cluster-Based Filtering implementation demonstrate that the song candidate selection 

process becomes more structured and contextual. The recommended songs exhibit audio characteristic similarities 

that are more consistent with user preferences, making this approach an effective initial stage for the implementation 

of the Deep Collaborative Filtering model. 

3.5 Deep Collaborative Filtering (NeuMF) 

In the Deep Collaborative Filtering (DCF) stage, the Neural Matrix Factorization (NeuMF) model is trained using 

user interaction data that has been filtered based on previous clustering results. The training process shows a consistent 

decrease in training loss until the final epoch, indicating that the model is able to learn user preference patterns stably. 

The model evaluation results yielded a Hit Ratio@10 (HR@10) of 0.1110 and a Normalized Discounted Cumulative 

Gain@10 (NDCG@10) of 0.0507. These values demonstrate that the model is capable of recommending relevant 

songs within the top recommendation list and organizing the recommendation order in accordance with user 

preferences. 

The recommendation results generated for a single user show that the system is able to present songs from 

various genres, such as  Alternative Rock, Folk, Metal, Pop, and Rap, while remaining within the relevant cluster 

space. This finding indicates that the integration of Cluster-Based Filtering with Deep Collaborative Filtering 

(NeuMF) can enhance recommendation relevance while simultaneously narrowing the search space, allowing the 

system to operate more effectively and adaptively. The recommendation results produced by the NeuMF model can 

be seen in Table 3. 

Table 3. Song recommendation result using Deep Collaborative Filtering (NeuMF) 

No Judul Lagu Artis Tahun Genre Cluster 

1 Dead Leaves and the Dirty Ground The White Stripes 2001 Alternative Rock 0 

2 The Sinking of the Reuben James Cisco Houston 1962 Folk 3 

3 Jump Hi LION BABE 2014 Funk 0 

4 Chop Suey! System Of A Down 2001 Metal 0 

5 All That She Wants Ace of Base 1994 Pop 1 

6 Fast Car Tracy Chapman 1988 Pop 1 

7 Land: Horses / Land of a Thousand 

Dances / La… 

Patti Smith 1975 Punk 4 

8 On To The Next One JAY-Z 2009 Rap 4 

9 Freedom Pharrell Williams 2015 Rap 0 

10 Wishing For A Hero (feat. BJ The 

Chicago Kid) 

Polo G 2020 Rap 2 

3.6 Evaluation and Analysis  

In the evaluation and analysis stage, the performance of the Deep Collaborative Filtering (NeuMF) model is assessed 

to measure the quality of the generated recommendations. The evaluation is conducted using Hit Ratio@10 (HR@10) 

dan Normalized Discounted Cumulative Gain@10 (NDCG@10) metrics. Based on the testing results, the model 

achieved an HR@10 value of 0.1110 and an NDCG@10 value of 0.0507, indicating that the system is capable of 

recommending relevant songs within the user's top recommendation list. The HR@10 value signifies that relevant 

items successfully appeared within the top ten recommendations, while the NDCG@10 value shows that the generated 

recommendation order aligns well with the user's level of relevance. These results demonstrate that the integration of 
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Cluster-Based Filtering with NeuMF can enhance the effectiveness of the recommendation system by narrowing the 

search space and delivering more relevant and targeted recommendations. 

3.7 Discussion  

The results of this study indicate that the integration of K-Means Clustering and Deep Collaborative Filtering can 

improve the effectiveness of music recommendation systems. The obtained evaluation results, with a Hit Ratio@10 

of 0.1110 and an NDCG@10 of 0.0507, show that the proposed model is capable of recommending relevant songs 

within the top recommendation list. Compared with previous studies that primarily utilized clustering techniques only 

for music segmentation or descriptive analysis, this research extends the role of clustering by using cluster information 

as a filtering mechanism before the recommendation process, which helps reduce the search space of candidate songs. 

Furthermore, previous studies on Neural Collaborative Filtering have shown strong capability in capturing complex 

user–item interactions, but many of them rely solely on interaction data without incorporating item grouping strategies. 

By integrating clustering results with the NeuMF model, this study demonstrates that combining unsupervised learning 

with deep collaborative filtering can provide a more structured recommendation process while improving 

recommendation efficiency and personalization for large-scale music streaming platforms such as Spotify.  

4. CONCLUSION 

This research discusses the implementation of a Hybrid Recommendation System that integrates K-Means Clustering 

and Deep Collaborative Filtering based on Neural Matrix Factorization (NeuMF) to enhance the quality of 

personalized music recommendations on streaming platforms like Spotify. The results indicate that the clustering 

process using K-Means is capable of grouping more than 15,000 songs into five main clusters based on audio 

characteristic similarities, thereby forming clear music segmentations that are not concentrated in a single group. The 

utilization of these clustering results as a basis for Cluster-based Filtering is proven to narrow the search space for 

song candidates before being processed by the recommendation model, thus increasing system efficiency and 

relevancy. Furthermore, the implementation of the Deep Collaborative Filtering (NeuMF) model shows reasonably 

good performance based on evaluation results using Hit Ratio@10 and NDCG@10 metrics, with values of 0.1110 and 

0.0507, respectively. These values indicate that the system is able to recommend relevant songs and arrange the 

recommendation order adequately. The integration of this unsupervised learning approach with a deep learning-based 

recommender system shows significant potential in addressing common issues in conventional recommendation 

systems, such as personalization limitations and the cold start problem.This study contributes to the development of 

music recommendation systems by demonstrating that the integration of clustering-based item grouping with deep 

collaborative filtering can improve recommendation relevance while simultaneously reducing the computational 

search space in large-scale music datasets. Nevertheless, this study still has limitations, particularly in the use of 

synthetic interaction data which may not fully represent real user behavior, as well as limitations in the evaluation 

metrics employed. Therefore, future research is expected to utilize direct user interaction data, increase the variety of 

evaluation metrics, and explore more complex clustering methods or recommendation model architectures to improve 

the performance and reliability of music recommendation systems. 
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