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Abstract 

The growth of music streaming services like Spotify has encouraged users to explore 

millions of songs, making effective recommendation systems essential. This study 

examines content-based music recommendation systems by comparing feature 

configurations and similarity metrics. The system uses 11 Spotify audio features, both with 

and without genre features encoded using one-hot encoding. Similarity is calculated using 

cosine similarity and Euclidean distance on normalized features (MinMaxScaler) to generate 

the top 10 recommendations. Recommendations are considered relevant if the 

recommended song is by the same artist as the searched song. Performance is measured 

using Precision@10 and Recall@10 on 100 samples. The audio-only model yields 

Precision@10 of 3.80–3.90% and Recall@10 of 6.36–6.45%. The audio-plus-genre model 

improves performance to Precision@10 of 9.00–9.10% and Recall@10 of 9.06–9.89%. 

These results show that genre features significantly improve the relevance of 

recommendations, while both similarity metrics perform similarly when the features have 

been well normalized. This study contributes by demonstrating that feature representation 

plays a more critical role than similarity metrics in content-based music recommendation. 

Keywords: Music recommendation; content-based filtering; audio features; cosine 

similarity; Euclidean distance. 

 

1. INTRODUCING 
The rapid growth of digital music streaming services such as Spotify, Apple Music, and 

YouTube Music has led to an explosion of audio data, resulting in information overload that 

makes it increasingly difficult for users to discover music aligned with their preferences 

without automated assistance. Music recommendation systems have therefore become 

essential components in Music Information Retrieval (MIR) and modern streaming 

platforms [1], [2]. 

In general, recommendation approaches can be categorized into content-based 

filtering, collaborative filtering, and hybrid methods [3], [4]. Content-based filtering relies 

on intrinsic item features such as genre, tempo, and timbre to measure similarity between 

items, making it particularly suitable for domains rich in structured content [5], [6], [7]. 

This approach has been widely applied in various domains, including movie 

recommendation systems, where user profiles and content features are utilized to generate 

personalized recommendations based on item similarity [8]. In contrast, collaborative 

filtering leverages user interaction patterns but often suffers from data sparsity issues 

when user data is limited [9]. 

To address similarity measurement, techniques such as cosine similarity and Euclidean 

distance are widely used to compare music embeddings or acoustic feature vectors [10]. 

These techniques are particularly effective when applied to large-scale datasets such as 

Spotify, which provide structured audio attributes including danceability, energy, valence, 
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and tempo [11], [12]. Prior studies have demonstrated that Spotify audio features are 

effective for tasks such as classification, clustering, and popularity prediction [13], [14], 

while their application in content-based recommendation systems remains an active area 

of research. 

Recommendation systems have also been successfully applied beyond multimedia 

domains, such as in travel itinerary generation, where optimization techniques are used to 

generate efficient recommendations based on user preferences and constraints. For 

example, [15] proposed an enhanced simulated annealing approach combined with greedy 

algorithms to generate optimized travel itineraries, demonstrating how recommendation 

and optimization techniques can be adapted across domains . 

Although advanced approaches such as deep learning have been proposed to enhance 

feature representation and recommendation performance [16] and hybrid models have 

shown improved accuracy by combining multiple techniques [3], [4], these methods often 

require large-scale user interaction data and higher computational complexity. Recent 

advancements in artificial intelligence, particularly in language models, have also 

demonstrated strong capabilities in handling content-based and creative tasks. However, 

these approaches still face challenges related to computational efficiency, scalability, and 

deployment constraints [17]. In contrast, simpler content-based approaches remain 

relevant, especially when focusing on intrinsic characteristics of items without requiring 

extensive user data. 

Furthermore, previous studies highlight the importance of explainability and user 

experience in recommendation systems [2], [18], as well as the effectiveness of structured 

features in supporting various analytical tasks such as clustering and classification [19]. 

Based on these considerations, this study proposes a content-based music 

recommendation system using cosine similarity and Euclidean distance applied to a Spotify 

dataset from Kaggle, utilizing eleven audio features and genre information represented 

numerically. The system evaluates recommendation relevance using an artist-based 

approach, as artist information tends to be more consistent than genre labels across songs 

[20].  

The contribution of this study is not limited to implementing a content-based music 

recommendation system. This study also provides an empirical analysis of how feature 

representation affects recommendation quality. By comparing the audio-only model and 

the audio-plus-genre model under cosine similarity and Euclidean distance, this study 

highlights the methodological importance of combining numerical acoustic features with 

categorical semantic features. The findings are expected to provide insight for 

recommendation system research, particularly in designing effective item representations 

for content-based music recommendation. This study aims to (1) implement a 

recommendation model based on audio features and genre, (2) analyze the impact of 

incorporating genre features on recommendation quality using Precision@10 and 

Recall@10, and (3) compare the performance of cosine similarity and Euclidean distance 

under different normalization schemes. The findings are expected to provide insights into 

effective feature configurations and similarity measures for building efficient and accurate 

content-based music recommendation systems.  

 

2. METHODOLOGY 
This study employs a content-based recommendation system approach by measuring 

similarity between songs using cosine similarity and Euclidean distance. This approach is 

selected because it does not rely on user interaction data, making it suitable for 

recommendation scenarios with limited user behavior data while maintaining 

computational simplicity. The overall research workflow consists of data collection, data 

preprocessing, feature engineering, model construction, similarity computation, and 

performance evaluation, as illustrated in Figure 1. 
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Figure 1. Research Design 

2.1. Dataset and Data Preprocessing 

The dataset used in this study is the Spotify Tracks Dataset obtained from Kaggle, which 

contains 114,000 song entries and 21 columns. The dataset includes metadata such as 

track_id, track_name, artists, album_name, popularity, duration_ms, explicit, and 

track_genre, as well as audio features extracted from the Spotify API. The audio features 

used in this study consist of danceability, energy, key, loudness, mode, speechiness, 

acousticness, instrumentalness, liveness, valence, and tempo. These features provide 

numerical representations of the acoustic, rhythmic, and emotional characteristics of each 

song, making them suitable for content-based recommendation. Figure 2 shows a sample 

of the data included in the dataset.  

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Sample Data 

Data preprocessing was conducted to ensure data quality and consistency. First, 

duplicate records were removed based on the track_id column to ensure that each Spotify 

track identifier appeared only once in the dataset. This process reduced the dataset from 

114,000 records to 89,741 records. Second, missing values were examined across all 

columns. Missing values were found only in the artists, album_name, and track_name 

columns, with one missing value in each column. These incomplete records were removed 

because these columns are essential for identifying songs and generating 

recommendations. After this process, the final cleaned dataset consisted of 89,740 records. 

Although duplicate records were removed based on track_id, the dataset may still 

contain songs with the same track_name and artists appearing in different rows, for 

example, due to different albums, versions, or genre assignments. Therefore, this study 

treats track_id as the primary identifier for preprocessing, while the combination of 

track_name and artists is considered when handling duplicate recommendation outputs. 

This step helps prevent the same song-artist pair from appearing repeatedly in the final 

recommendation list. 

Furthermore, feature normalization was applied to numerical audio attributes to avoid 

scale bias in similarity computation. Two normalization techniques were used: 

MinMaxScaler, which scales features to the range [0, 1], and StandardScaler, which 

standardizes features to have zero mean and unit variance. These techniques were applied 

to examine the effect of feature scaling on cosine similarity and Euclidean distance. 
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2.2. Feature Engineering and Data Representation 

 Feature engineering was performed to construct song vectors for similarity computation. 

Two modeling scenarios were used in this study. The first model used only 11 Spotify audio 

features, resulting in an 11-dimensional numerical feature vector. The second model added 

genre information from the track_genre column using one-hot encoding and combined it 

with the normalized audio features. As a result, the audio-only model consisted of 11 

features, while the audio-plus-genre model consisted of 124 features, including 11 audio 

features and 113 genre dummy variables. Because one-hot encoding produces a sparse 

representation, most genre columns contain 0 values for each song, while only the column 

corresponding to the available track_genre value contains 1.  

 Each row in the dataset contains one value in the track_genre column. However, the 

same song identity, such as the same track_name and artists, may appear in different 

rows with different genre labels, albums, or track identifiers. In this study, the genre 

feature was encoded based on the available row-level track_genre value. Therefore, multi-

genre aggregation into a multi-hot representation was not applied. Genre was used only 

as an additional input feature, while recommendation relevance was evaluated using an 

artist-based approach.  

2.3. Index Mapping and System Preparation 

An index mapping mechanism was implemented to retrieve song vectors efficiently 

based on user input. The mapping connects track_name with the corresponding dataset 

index, allowing the system to locate the selected song before similarity computation. Since 

several songs may have the same title, the combination of track_name and artists was 

also considered to reduce ambiguity. 

In the recommendation output, duplicate results were removed based on the 

combination of track_name and artists. The system first retrieves more than 10 candidate 

songs, removes repeated song-artist pairs, and then returns the final Top-10 unique 

recommendations. This step helps prevent the same song from appearing repeatedly due 

to different albums, versions, or genre assignments. 

2.4. Similarity Computation 

2.4.1. Cosine Similarity 

This study employs cosine similarity as one of the primary similarity metrics in the 

recommendation system. Cosine similarity measures the similarity between two songs by 

calculating the cosine of the angle between their feature vectors, as defined in Equation 

(1): 
 

cosine(𝐴, 𝐵) =
𝐴 ⋅ 𝐵

∥ 𝐴 ∥∥ 𝐵 ∥
 

(1) 

 This method emphasizes the similarity in feature patterns rather than their magnitudes. 

When two vectors have a similar orientation, the cosine similarity value approaches 1, 

indicating a high degree of similarity. Conversely, values close to 0 indicate dissimilar 

feature patterns. Due to its robustness to scale variation and effectiveness in high-

dimensional data, cosine similarity is widely used in content-based recommendation 

systems. As illustrated in Figure 3, differences in vector length may represent variations 

in intensity (e.g., louder or faster songs), while similar directions indicate similar musical 

characteristics. Therefore, the system focuses on capturing similarities in musical patterns 

rather than absolute feature values. 
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Figure 3. Example of a Cosine Similarity Visualization 

2.4.2. Euclidean Distance 

 In addition to cosine similarity, Euclidean distance is used to measure the direct distance 

between two songs based on their feature values. This metric computes the straight-line 

distance between two vectors in a multidimensional feature space, as shown in Equation 

(2): 

 𝑑(𝐴, 𝐵) = √∑(

𝑛

𝑖=1

𝐴𝑖 − 𝐵𝑖)2 (2) 

 A smaller Euclidean distance indicates greater similarity between songs. Unlike cosine 

similarity, this method is sensitive to feature scale, making normalization an essential 

preprocessing step. Euclidean distance defines similarity based on the absolute numerical 

difference of feature values, meaning that songs are considered similar only when their 

feature values are close in magnitude. As illustrated in Figure 4, this approach captures 

the shortest distance between two points in the feature space, providing a complementary 

perspective to cosine similarity. In this study, Euclidean distance is used as a comparative 

method to analyze how different similarity measures affect recommendation performance. 

2.5. Recommendation Algorithm 

 The recommendation process follows a systematic pipeline. First, the user inputs a song 

title, and the system retrieves the corresponding feature vector using the predefined index 

mapping. Next, similarity scores between the selected song and all other songs in the 

dataset are computed using either cosine similarity or Euclidean distance. The songs are 

then ranked based on similarity (highest similarity for cosine, smallest distance for 

Euclidean). The system selects the top-N recommendations (e.g., Top-10), removes 

duplicate entries based on the combination of track_name and artists, and finally returns 

the recommendation list to the user. 

2.6. Model Evaluation 

 The evaluation of the recommendation system is conducted using an artist-based 

relevance approach. A recommendation is considered relevant if the recommended song 

is performed by the same artist as the input song. This criterion is chosen because artist 

information is more consistent and reliable compared to genre labels, which may vary 

significantly and include highly specific subgenres in the Spotify dataset. 
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 The performance is measured using Precision@10 and Recall@10. Precision@10 

evaluates the proportion of relevant songs within the top 10 recommendations, while 

Recall@10 measures the proportion of all relevant songs successfully retrieved within those 

recommendations. The formulas are defined as follows: 

 
Precision@10 =

Number of songs with the same artist

10
 

(3) 

 
Recall@10 =

Number of songs with the same artist

Total songs by the artist − 1
 

(4) 

 The choice of 𝐾 = 10 reflects typical user behavior in consuming top recommendations. 

The parameter 𝐾 is used to define the number of top recommendations presented to users, 

ensuring that the system focuses on the most relevant items while reflecting typical user 

interaction behavior. Evaluation is performed on two scenarios (1000 and 100 sampled 

songs) to ensure the robustness and consistency of the results. 

2.7. Implementation 

 The system is implemented in Python using libraries such as Pandas, NumPy, and Scikit-

learn. All numerical audio features are normalized prior to similarity computation to ensure 

consistent scaling. Similarity calculations are efficiently performed using vectorized 

operations provided by Scikit-learn, specifically the cosine_similarity and 

euclidean_distances functions. All experiments are conducted in a local computing 

environment, and the recommendation results are analyzed using the defined evaluation 

metrics. While similarity computation utilizes either audio features alone or a combination 

of audio and genre features, system performance is consistently evaluated based on artist 

similarity to assess the model’s ability to identify songs from the same source. 

3. RESULT AND DISCUSSIONS 
This section presents the experimental results to address the research objectives outlined 

in the Introduction, namely the evaluation of feature configurations, the impact of genre 

inclusion, and the comparison of similarity metrics and normalization schemes in a content-

based music recommendation system. 

3.1. Recommendation Results Based on a Single Query Song 

An initial experiment was conducted using the song “Knockin’ On Heaven’s Door” by 

Bob Dylan (genre: country) as the query input. The results reveal a clear distinction 

between the audio-only model and the audio-plus-genre model. As shown in Table 1, the 

audio-only model produces recommendations spanning a wide range of genres, such as 

indie-pop, trip-hop, techno, and rock, which are not aligned with the country genre of the 

input song. This indicates that relying solely on audio features is insufficient to capture 

genre consistency or artist-related characteristics. 

Table 1. Recommendations for Using the Audio Feature (Cosine Similarity) 

No Track Name Artist Genre 

1 We fell in love in October girl in red indie-pop 

2 Sweet Love Phillip LaRue acoustic 

3 The Vagabond Air trip-hop 

4 Vou Te Encontrar Nando Reis; Péricles brazil 

5 Besos De Sal Federico Aubele trip-hop 

6 Addio Addio - Original Kollektiv Turmstrasse minimal-techno 

7 Shine Collective Soul grunge 

8 Null Pointer Monolake idm 

9 Through the Barricades Spandau Ballet disco 

10 Amanda Boston hard-rock 

In contrast, the model that combines audio features with genre information generates 

highly consistent recommendations, all belonging to the country genre, as presented in 

Table 2. This demonstrates that the inclusion of genre significantly improves the semantic 

relevance of the recommendations by guiding the system toward more contextually 

appropriate music. 
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Table 2. Recommendations Using the Audio + Genre Feature (Cosine Similarity) 

No Track Name Artist Genre 

1 Critic Avery Anna country 

2 Ain't Over You Yet Flatland Cavalry country 

3 Breathe Faith Hill country 

4 Knowing You Kenny Chesney country 

5 Driveway Cody Johnson country 

6 Home Blake Shelton country 

7 Austin Blake Shelton country 

8 From This Moment On (On-Tour Version) Shania Twain country 

9 Oklahoma Smokeshow Zach Bryan country 

10 Holy Water Brett Eldredge country 

3.2. Model Evaluation Using MinMaxScaler (1000 Samples) 

The evaluation was conducted on 1,000 randomly selected songs using an artist-based 

relevance approach. The results are summarized in Table 3. The findings indicate that 

incorporating genre features leads to a substantial improvement in both Precision@10 and 

Recall@10. Specifically, the performance of the audio-only model remains relatively low, 

with Precision@10 around 2.9% and Recall@10 around 4.2%. However, when genre is 

included, Precision@10 increases to approximately 7.3% and Recall@10 to around 6.6% 

for both cosine similarity and Euclidean distance. These results confirm that genre 

information enhances the system’s ability to identify relevant songs from the same artist, 

thereby improving recommendation quality. 

Table 3. Results of the Cosine and Euclidean Evaluations (MinMaxScaler, 1,000 Samples) 

Model Precision@10 Recall@10 

Cosine (Audio Only) 2.91% 4.18% 

Cosine (Audio + Genre) 7.31% 6.56% 

Euclidean (Audio Only) 2.97% 4.21% 

Euclidean (Audio + Genre) 7.35% 6.63% 

3.3. Evaluation Using 100 Samples 

To verify the consistency of the results, the evaluation was repeated using a smaller 

subset of 100 songs. The results, presented in Table 4, exhibit the same performance 

pattern as the larger experiment. The audio-only model achieves Precision@10 values of 

approximately 3.8–3.9% and Recall@10 around 6.3–6.4%, while the audio-plus-genre 

model significantly outperforms it, reaching Precision@10 values of around 9.0–9.1% and 

Recall@10 up to 9.9%. This consistency across different sample sizes indicates that the 

observed improvements are robust and not dependent on dataset scale. 

Table 4. Results of the Cosine and Euclidean Evaluations (MinMaxScaler, 100 Samples) 

Model Precision@10 Recall@10 

Cosine (Audio Only) 3.80% 6.36% 

Cosine (Audio + Genre) 9.10% 9.89% 

Euclidean (Audio Only) 3.90% 6.45% 

Euclidean (Audio + Genre) 9.00% 9.06% 

3.4. Evaluation Using StandardScaler 

To analyze the effect of normalization, an additional experiment was conducted using 

StandardScaler. The results, shown in Table 5, indicate a slight improvement in 

performance, particularly for the audio-only model. 

For instance, Precision@10 increases to approximately 4.2–4.3% and Recall@10 to 

around 6.6% in the audio-only scenario. However, for the audio-plus-genre model, the 

performance remains relatively similar to that achieved with MinMaxScaler, suggesting that 

normalization has a limited effect when richer feature representations are used. 
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Table 5. Evaluation Results Using StandardScaler (100 Samples) 

Model Precision@10 Recall@10 

Cosine (STD Audio Only) 4.20% 6.57% 

Cosine (STD Audio + Genre) 8.40% 9.38% 

Euclidean (STD Audio Only) 4.30% 6.60% 

Euclidean (STD Audio + Genre) 7.70% 7.90% 

3.5. Discussion 

Overall, the experimental results demonstrate that the audio-only model produces less 

accurate recommendations due to its limited ability to capture higher-level musical context. 

Audio features alone may vary significantly even within songs from the same artist, leading 

to dispersed and less relevant recommendations across different genres. This limitation is 

reflected in the relatively low Precision@10 and Recall@10 values. In contrast, the inclusion 

of genre information significantly enhances system performance. Genre provides an 

additional semantic layer that helps group songs with similar musical characteristics, 

resulting in more coherent and relevant recommendations. This improvement is evident 

both qualitatively, as shown in the recommendation examples, and quantitatively, with 

performance metrics increasing by more than twofold.  

Furthermore, the comparison between cosine similarity and Euclidean distance shows 

that both metrics yield comparable results across all experiments. This suggests that the 

choice of similarity metric has a relatively minor impact when features are properly 

normalized. The use of StandardScaler also slightly improves performance in the audio-

only model, although it does not fundamentally alter the overall trend. These findings 

indicate that feature representation, particularly the inclusion of genre, is the dominant 

factor in improving the effectiveness of content-based music recommendation systems, 

while the choice of similarity metric and normalization technique plays a secondary role. 

This evaluation approach provides an objective proxy for relevance, although it may not 

fully capture subjective user preferences. From a methodological perspective, these 

findings indicate that feature representation plays a more dominant role than the choice of 

similarity metric. The comparable results between cosine similarity and Euclidean distance 

suggest that, when features are properly normalized, the semantic richness of the item 

representation becomes more important than the distance function itself. This implies that 

researchers and system developers should carefully evaluate how content features are 

selected, encoded, and combined before adopting more complex recommendation 

architectures. 

3.6. Limitations 

Although the proposed system shows that genre features can improve the performance 

of content-based music recommendation, this study has several limitations. First, the 

system does not use user interaction data such as listening history, ratings, skips, likes, 

or playlist behavior. Therefore, the recommendations are based only on item-to-item 

similarity and are not fully personalized. Second, the system depends on the quality and 

consistency of metadata, especially the track_genre label and Spotify audio features. 

Inaccurate or inconsistent metadata may affect the quality of the recommendation results. 

Third, although content-based filtering can reduce dependency on user interaction data, 

the system may still face item cold-start constraints when a song has incomplete metadata 

or missing audio features. Fourth, the evaluation uses artist-based relevance as an 

objective proxy, where a recommendation is considered relevant if it has the same artist 

as the query song. This approach provides a measurable evaluation strategy, but it may 

not fully represent real user preferences. Future studies should incorporate user behavior 

data, hybrid recommendation models, lyrical features, popularity indicators, and user-

based evaluation to produce more personalized and realistic recommendations. 
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4. CONCLUSION 
This study shows that feature representation plays an important role in improving 

content-based music recommendation systems. The audio-only model produced relatively 

low relevance, which supports previous findings that a single type of information is often 

insufficient to represent item characteristics comprehensively [3]. In contrast, adding 

genre information improved both Precision@10 and Recall@10, confirming the importance 

of categorical and structural content features in recommendation and music analysis 

systems [11]. 

The results also show that cosine similarity and Euclidean distance produced comparable 

performance when features were properly normalized. This indicates that feature 

representation has a stronger influence than the choice of similarity metric [16]. Compared 

with collaborative filtering, hybrid approaches [4], [9], and deep learning-based methods 

[21], this study demonstrates that optimizing content-based features, especially by adding 

genre and applying proper normalization, can improve recommendation quality without 

using complex model architectures or user interaction data. 

However, this study is limited by the absence of user interaction modeling and its 

dependence on metadata quality. Future research should incorporate user behavior, lyrical 

features, popularity indicators, and hybrid recommendation techniques to develop more 

adaptive, explainable, and personalized music recommendation systems. 
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