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Abstract 
 

Comprehending the aspects that impact song popularity has become crucial in the ever-changing music industry. This study explores the 

field of music popularity predictive modeling using the cutting-edge algorithms XGBoost and LightGBM. Predictive models were devel-

oped by the study using a large dataset that includes a variety of musical variables, such as song duration, tempo, lyrical content, and 

release year. To improve the models' predictive capacity, the study approach includes extensive work. To provide a thorough assessment 

of the algorithms' performance, the dataset is divided into training and testing sets. Additionally, the effectiveness of XGBoost and 

LightGBM forecasting music popularity is evaluated by a comparison analysis. To increase the prediction models' accuracy, hyperparam-

eter optimization methods—specifically, Optuna—are used to fine-tune them. In addition, the study looks at feature importance, illumi-

nating elements of music that, in the eyes of each algorithm, greatly add to its appeal. Using a rigorous cross-validation approach, the 

models are validated, and their generalization capabilities are shown. The performance metrics, which provide a comprehensive picture of 

the models' predicted accuracy, include mean absolute error, mean squared error, median absolute error, and R-squared. By providing a 

comparative analysis of two well-known machine learning methods for forecasting music popularity, this paper advances the rapidly de-

veloping field of music analytics. The results offer significant perspectives for professionals in the field and data scientists who are looking 

for efficient approaches to forecast music popularity across various genres. 

 
Keywords: Music Popularity Prediction; Machine Learning; XGBoost; LightGBM; Predictive Modeling; Feature Engineering; Hyperparameter  
Optimization; Data Analytics; Comparative Analysis; Song Characteristics; Genre Classification; Ensemble Models; Cross-Validation; Optuna; Data 

Preprocessing; Feature Importance; Regression; Music Analytics. 

1. Introduction 

The modern music industry is a perfect area to apply state-of-the-art machine learning techniques since it possesses an unmatched amount 

of data. In this era of digital consumption, understanding the factors that contribute to a song's success is not only fascinating but also 

crucial for musicians, producers, and other industry participants. XGBoost and LightGBM. As our interactions with musical content con-

tinue to alter due to the digitization of music, it is effective and important.[21] The intricate relationships between various musical parts 

are often missed by traditional methods of assessing a song's potential. This work aims to bridge this gap by applying the most recent 

developments in machine learning methods. This work focuses on XG Boost and Light GBM, which are well-known for their prowess in 

ensemble learning and regression situations. The project begins with a thorough analysis of a sizable dataset that contains a musical attrib-

ute.[1] A song's length, tempo, lyrics, and year of release are all carefully analyzed for any potential effects on its popularity. Data cleaning, 

normalization, and encoding define the preparation step, which ensures that the dataset is suitable for machine learning algorithms. In-

creasing the predictive power of the models requires feature engineering. The complex relationships between different musical elements 

are used to produce a more complete representation of the dataset. The study also looks at how to use Optuna for hyperparameter tweaking 

to maximize the performance of the models. The XGBoost vs LightGBM comparison is the study’s key feature.[22] By examining each 

algorithm's unique benefits and drawbacks, the study aims to offer comprehensive insights into the applicability of different algorithms for 

predicting music popularity. Using feature importance analysis, the musical characteristics that significantly influence each algorithm's 

popularity are further described.[23] Apart from creating the model, the study delves further into the dataset's distribution characteristics, 

including skewness and kurtosis. To understand intricate relationships between different musical parts, correlation matrices are uti-

lized.[24]. 

http://creativecommons.org/licenses/by/3.0/
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2. Experimental procedures 

This study uses state-of-the-art machine learning techniques complex dynamics that determine music popularity in the always changing 

music industry. The ensuing sections outline an in-depth description of the experiments conducted. Every stage, from the first data collec-

tion procedures to the last predictive model assessments, is thoughtfully crafted to reveal the hidden elements driving music culture. By 

utilizing a combination of rigorous and sophisticated model training, this research seeks to make a substantial contribution to the field of 

music analytics, predicting music popularity. Feature engineering, hyperparameter adjustment, and a comparison of two well-known ma-

chine learning algorithms—XGBoost and LightGBM—are all included in the experimental process. The story that follows explores each 

component in detail, revealing the methods and ideas used in the effort to understand the subtleties involved in predicting music popular-

ity.[25].  

2.1. Data collection 

The study begins with gathering an extensive dataset that encompasses musical characteristics, as shown in figure 1. These characteristics 

include the length of the song, the tempo, the lyrical substance, and the year of release, among others. To fully capture the nuances of many 

musical genres and styles, this dataset must be sufficiently broad and diverse. Then, to make the creation and assessment of prediction 

models easier.[26] 

 

 
Fig. 1:The Image Depicts A Few Data Samples from the Train Data. 

2.2. Data preprocessing 

Data preprocessing is an essential step in getting the dataset ready. To protect the integrity of the data, this phase includes locating and 

managing missing values. The purpose of exploratory data analysis, or EDA, is to find early trends in the data, identify possible outliers, 

and gain insights into the distribution of variables. The careful inspection lays the groundwork for the other stages of the investigation. 

2.3. Label encoding 

Through label encoding, categorical variables—like musical genres—are converted into numerical representations that the dataset can use 

with machine learning techniques. The algorithms can more easily grasp and learn from these categorical features thanks to this conver-

sion.[27] 

2.4. Feature engineering 

A key component of the research is featuring engineering, procedures meant to models' capacity for prediction. To capture complex inter-

actions within the dataset, new features are created, or old ones are modified. Ensuring that the models can identify intricate patterns that 

could impact the popularity of music is largely dependent on this stage.[28] 

2.6. Model selection 

Based on their effectiveness in ensemble learning and regression tasks, two cutting-edge machine learning algorithms, XGBoost and 

LightGBM, are chosen. they have a track record of managing intricate interactions between datasets.[29] 

2.7. Hyperparameter optimization 

To adjust the parameters of the chosen models, Optuna, a strong hyperparameter optimization package, is used. A painstaking tuning 

procedure is to maximize the models' performance on the training set.[30] 

Model Training 

XGBoost and LightGBM are trained on the assigned training set in Figure 2 using the preprocessed and engineered dataset that is available. 

For the algorithms to produce correct predictions in the following step, they must first learn from the patterns seen in the training data.[31] 

 

 
Fig. 2: The Image Depicts a Clear Flow of Experimentation. 

2.8. Cross-validation 

Using cross-validation, the models' performance is carefully evaluated. With this method, we trained and assessed several times using 

different dataset subsets. This procedure provides a thorough grasp of the models' capacity for generalization. 
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2.9. Model selection 

A variety of performance metrics, such as mean absolute error, mean squared error, median absolute error, and R-squared, are used to 

assess the efficacy of the models. When taken as a whole, these measures offer a complex picture of how well the algorithms forecast 

music popularity.[33] 

2.10. Comparative analysis 

To determine the relative advantages and disadvantages of XGBoost and LightGBM in predicting music popularity, a comparative analysis 

is carried out. This analysis clarifies the unique qualities of every algorithm and how well they apply to the subtitles of the dataset.[34] 

3. Literature survey 

Kaneria et al. [1] By investigating how machine learning principles might be used to forecast song popularity, Kaneria and associates 

advance the field's understanding of the interplay between instruments, measurements, and smart sensors. The study makes use of techno-

logical developments to assess and forecast song popularity, offering insightful information on the fusion of data analytics and music. 

Through the utilization of machine learning methodologies, the writers explore the complex interrelationships among diverse musical 

characteristics, thus augmenting our comprehension of the elements that impact a song's reception within the current music milieu. The 

work highlights the wider ramifications of fusing technological advancements with creative realms, in addition to showcasing the potential 

of machine learning in music analytics. 

Chiru and Popescu [2] Using rough set theory, Chiru and Popescu investigate the automated assessment of song popularity. The 2017 

International Joint Conference, IJCRS, focuses on identifying the intricate patterns that influence the dynamics of musical compositions' 

appeal. The writers hope that by including rough set theory, they would offer an organized and methodical way to comprehend the innate 

connections between different aspects and a song's chances of becoming well-known. This work advances the subject of music analytics 

while demonstrating the value of formal approaches in understanding the complex dynamics of cultural phenomena. 

Raza and Nanath [3] Examining the use of forecast popular songs, Raza and Nanath cast doubt on the existence of an a priori secret formula. 

The elusive nature of hit song predictions is explored at the 2020 International Conference on Data Science, Artificial Intelligence, and 

Business Analytics (DATABIA). The writers emphasize the dynamic and diverse character of the music industry as they examine the 

difficulties and complications involved in projecting song success. The study raises important questions about the changing nature of music 

popularity and the application of machine learning to understand its complexities by tackling the idea of a secret formula. 

Ni et al. [4] Ni and associates investigate how popular music is evolving while concentrating on the science underlying it. Their research 

examines the dynamic elements that go into defining a popular song and is presented in the context of machine learning and music. The 

writer’s advanced knowledge of the quantitative factors influencing a song's success is explored by examining the scientific foundations 

of song popularity. The study highlights the multidisciplinary aspect of research that combines data-driven approaches with music, in 

addition to shedding light on the changing field of hit song science. 

Kamal et al. [5] present their findings at the 2021 International Conference on Innovative Computing, Intelligent Communication, and 

Smart Electrical Systems (ICSES). Kamal and colleagues offer a classification-based method to forecast song popularity. Their research 

highlights novel computer techniques in the field of predicting music popularity. Using a classification-based methodology, the writers 

successfully negotiate the challenges associated with forecasting song popularity across genres. The study offers significant implications 

for data science and the music industry by shedding light on how machine learning may be used to classify and evaluate a wide range of 

musical compositions. 

Arora et al. [6] At the 2022 International Conference on Computing, Analytics, and Networks (ICAN), Arora, Rani, and Saxena discuss 

their research on audio stream analysis as a means of forecasting song popularity. Their research sheds light on how deep learning and 

machine learning methods might be combined to analyze musical data. The writers add to the developing field of music analytics by 

examining the temporal and sequential features of music streams. The paper emphasizes the value of real-time analysis in comprehending 

the current patterns of music popularity, in addition to showcasing the capability of deep learning in handling dynamic and unstructured 

data. 

Dong et al. [7] Dong, Qiu, and Ye use a variety of methods to do regression analysis on song popularity. They publish their results in 

Highlights in Science, Engineering, and Technology 2023. This research offers a thorough examination of the regression methods used to 

forecast song popularity. The authors provide insights into the complex correlations between numerous musical elements and the quanti-

tative forecast of a song's popularity by examining multiple regression models. The study adds to the variety of methods in music analytics 

by highlighting the significance of customized strategies for precise forecasts in the dynamic music sector. 

Vötter et al. [8] present their work, and Vötter colleagues propose novel datasets for assessing this field's study. The authors address the 

issues of data scarcity and diversity in previous studies by offering new datasets. The work invites future researchers to investigate novel 

ways with access to broad and enhanced datasets, in addition to making it easier to evaluate song popularity prediction models more 

thoroughly. 

Örnell and Reiman [9] Reiman and Örnell's work, which focuses on using machine learning to forecast hit songs, provides insightful 

information on what influences song success in today's music industry. Their research adds to the increasing corpus of knowledge on the 

comprehension of the predictive components that characterize hit songs. The authors contribute to a deeper the dynamics of hit song 

prediction by utilizing machine learning approaches to negotiate the complexity of predicting the preferences and patterns that influence 

audience reception. 

Saragih [10] Published in Management Analytics, Saragih's work investigates the prediction of song popularity based on Spotify's audio 

attributes. This study offers a sophisticated method for comprehending how audio elements affect song popularity. The author explains the 

expanding body of work on the convergence of digital platforms and music analytics by utilizing the rich audio data that is accessible on 

streaming services. The paper highlights the value of streaming data in modern music research. Audio qualities affect listeners' perceptions 

of a song. 

While early studies (Pachet, 2000; Herremans et al., 2014) focused on audio signal features and genre classification, recent research (Lee 

et al., 2022; Wang & Zhang, 2023) adopted ensemble and deep learning methods. However, these often suffer from overfitting or are 

limited to specific genres. Few studies have performed direct comparisons of XGBoost and LightGBM using comprehensive feature sets 
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including both musical and metadata features. This study uniquely contributes by leveraging Optuna for automated tuning and analyzing 

feature importance across both algorithms on a genre-diverse dataset. 

4. Methodology and dataset 

CSV files are used to load the dataset for testing and training. To get a basic idea of the data structure, each dataset's first few rows are 

displayed during the initial exploration phase.[36] The dataset used in this study was obtained from the Spotify API/Kaggle Music Popu-

larity Dataset. It comprises metadata for over 100,000 songs released between 2000 and 2022. Key features include tempo, duration, genre, 

release year, energy, danceability, and a numeric popularity score ranging from 0 to 100. The dataset was preprocessed by removing 

missing values, normalizing continuous variables, and encoding categorical variables using one-hot encoding. 

4.1. Evaluation of data quality 

4.1.1. Absence of visualization of data 

Heatmaps and matrix plots in figures 3,4 are two examples of visualizations that are used to evaluate if missing values are present in 

training and testing datasets. This stage guarantees a thorough comprehension of data quality and guides further imputation techniques. 

 

 
Fig. 3: The Variations of Features Among the Training and Test Datasets. 

4.1.2. Information and data synopsis 

A synopsis of the dataset's most important data points, genre distribution, is provided. With exploratory data analysis, patterns and traits 

that could affect machine learning models are found. 

4.2. Engineering features and conversion 

4.2. Labeling genres 

The 'Genre' column is compatible with machine learning, it is converted into numerical labels. Numerical values are mapped to categorical 

genre labels in this transformation. 

4.3. Scaling features 

Numerical features are subjected to Min-Max scaling to bring them inside a specified range to guarantee consistent model performance. 

[37] 

4.4. Analysis of kurtosis and skewness 

For important attributes like "SongLength," "NumInstruments," "Genre," "Tempo," "LyricalContent," and "ReleasedYear," skewness and 

kurtosis assessments are computed. Comprehending these statistical aspects facilitates the evaluation of the data's distributional proper-

ties.[38]  

4.3. Data visualization for exploration 

To investigate feature distribution, visualizations such as correlation matrices and histograms are used. feature distributions are guided by 

the values of skewness and kurtosis.[39] 

 

 
 

  



International Journal of Basic and Applied Sciences 715 

 

  
Fig. 4: The Variations of Individual Features from Both Datasets Observed After Cross Validation. 

4.4. Model training and model selection 

4.4.1. Model training for XGBoost 

An XGBoost regression model is put into practice, and Optuna adjusts its hyperparameters. The preprocessed training data is used to train 

the model.[40] 

4.4.2. Model training for XGBoost 

A LightGBM regression model is used, and Optuna is used to tune its hyperparameters. This model is trained using preprocessed training 

data, just like XGBoost.[2] 

4.5. Model evaluation and cross-validation 

The assessment metric for both the XGBoost and LightGBM models is Mean Absolute Error (MedAE), which is used during cross-vali-

dation. In addition to extra metrics like R-squared, the cross-validation results are used to evaluate the performance of the model.[3]  

4.6. Analysis of the model 

4.6.1. XGBoost feature importance analysis 

The XGBoost models' feature importance is examined, and the top ten significant features are displayed. This research sheds light on the 

characteristics that most influence the predictive ability of the model.[4] 

4.6.2. LightGBM correlation matrix 

To investigate the associations between characteristics, the LightGBM model generates a correlation matrix. Understanding feature inter-

actions is made easier by this depiction.[5] 

5. Results 

5.1. XGBoost model 

5.1.1. Model setup 

To maximize prediction performance, the XGBoost model's hyperparameters were carefully chosen. The learning rate of 0.0973 strikes a 

balance between the stability and responsiveness of the model, while the number of estimators, chosen at 2565, guarantees a sufficient 

learning capacity. The minimum child weight (0.00774) and maximum depth (6) were selected to prevent overfitting and to capture com-

plex relationships within the data. Furthermore, model complexity is prevented by regularization parameters such as reg_alpha (0.0862), 

reg_intercept (9.68e-06), and gamma (1.30).[6] 

The XGBoost model was configured with the following hyperparameters: 

1. Number of Estimators: 2565 

2. Learning Rate: 0.0973 

3. Max Depth: 6 

4. Min Child Weight: 0.00774 

5. Subsample: 0.1 

6. Colsample by Tree: 1.0 

7. Colsample by Level: 0.9 

8. Gamma: 1.30 

9. Reg Lambda: 9.68e-06 

10. Reg Alpha: 0.0862. 

5.1.2. Function of the model 

With an average prediction error of roughly 5.09 units, the XGBoost model exhibits strong performance on the training set. Its (MAE) is 

5.09. The computed mean squared error (MSE) of 41.52 indicates that the model may remain accurate throughout a wide range of predic-

tions. Moreover, the target variable's 91% variability is said to be explained by the model, according to the R-squared value of 0.91. 
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5.1.3. Forecasts and mistakes 

Examining the models as in Table 1 in more detail shows how well they capture the underlying patterns. For example, the smallest error is 

-0.07 when the prediction for an observation with a true value of 42.02 is extremely close at 42.09. This pattern holds for different samples, 

demonstrating the correctness of the model every time.[7] 

 
Table 1: The Evaluation Metrics of XGBoost Observed After Experimentation 

True Values XGBoost Predictions XGBoost Error 

42.02 42.09 -0.07 
74.30 66.24 8.07 

86.76 85.35 1.41 

 

 

5.1.4. Overfitting assessment 

A comprehensive evaluation of the XGBoost model's overfitting was conducted to guarantee generalizability. Results from cross-valida-

tion, which assess the model's performance on several folds, shed light on how well the model predicts the future using unknown data. The 

model's performance on training and validation sets is further shown via overfitting diagnostic plots, which help determine the best hy-

perparameters to use for optimal generalization.[10] 

5.2. Model LightGBM 

5.2.1. Model setup 

Care has been taken to configure the LightGBM model with precise hyperparameter values. A balance is achieved between predictive 

strength and computational efficiency with the number of estimators chosen (2309). Throughout the training phase, constant convergence 

is guaranteed at a learning rate of 0.0494. The maximum depth (6) and minimum kid weight (0.21) selections show a method to capture 

intricate relationships without going overboard with overfitting. Reg interstitial (0.22) and reg_alpha (2.54e-08), two regularization settings, 

help to avoid needless complexity.[8] 

5.2.2. Performance of the model 

Impressive performance metrics are shown by the LightGBM model on the training set. With a mean absolute error (MAE) of 4.20, the 

forecast accuracy is very high. With a mean squared error (MSE) of just 27.91, the model is exceptionally accurate, demonstrating its 

capacity to hold over a wide range of predictions. The target variable's variance can be explained by the model 94% of the time, as indicated 

by the R-squared value of 0.94.[9] 

5.2.3. Forecasts and mistakes 

When predictions are examined as in Table 2 on the evaluation set, the LightGBM model continuously shows that it can anticipate target 

values with accuracy. To illustrate the accuracy of the model's predictions, consider a 43.69 prediction for an observation with a true value 

of 42.02 and a tiny error of -1.67. 

 
Table 2: The Evaluation Metrics of Lightgbm Observed After Experimentation. 

True Values LightGBM Predictions LightGBM Error 

42.02 43.69 -1.67 

74.30 76.57 -2.27 
86.76 85.40 1.36 

5.3. Model LightGBM 

5.3.1. Accuracy metrics synopsis 

The distinct advantages of Versions are highlighted by a thorough comparison, respectively, as in Table 3the XGBoost and LightGBM 

models demonstrate subtle variations in their prediction accuracy. A comprehensive picture of the models' overall performance is also 

given by R-squared values, where LightGBM shows somewhat better accuracy measures. 

 
Table 3: The Detailed Comparison between LightGBM and XGBoost Model 

Metric XGBoost LightGBM 

Mean Absolute Error 5.09 4.20 
Mean Squared Error 41.52 27.91 

R-Squared 0.91 0.94 

5.4. Collective model 

5.4.1. Model choice 

The ensemble model was developed to complement the advantages of both models, combining predictions from LightGBM and XGBoost. 

The ensemble's use of XGBoost and LightGBM was determined by model selection criteria, which included individual model performance 

and diversity in predictions. The objective of the ensemble strategy is to improve overall prediction robustness and accuracy.[11] 
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5.4.2. Group showcase 

An assessment of the ensemble model's performance sheds light on how well it aggregates predictions. Metrics of accuracy and Mean 

Squared Error provide a comparison with single models. Furthermore, correlation tests between forecasts from individual models and 

predictions from the ensemble provide insight into the synergy that arises from combining several modeling methodologies.[12] 

5.4.3. Generalization and robustness 

Analyzing the ensemble model's performance to generalize to previously encountered data is better understood thanks to cross-validation 

results and validation set metrics. Sensitivity analysis and other robust diagnostics shed light on how stable the ensemble is in various 

scenarios.[13] 

6. Discussion 

When combined with this method, the XGBoost and LightGBM models' outputs show complex patterns in the popularity of music predic-

tion. This conversation addresses the synergies that can be attained by combining the various modeling approaches, as well as the numerous 

insights that each one offers.[14] 

6.1. Model-dependent perspectives 

6.1.1. Analyzing the XGBoost model 

With its 2565 estimators and 0.0973 learning rate, the XGBoost model shows promise as a reliable predictor of music popularity. The 

design efficiently captures non-linear relationships within the data by striking a compromise between interpretability and model complex-

ity. According to feature importance analysis, certain features, like "SongLength" and "Tempo," have a significant impact on predictions 

and are consistent with musical intuition.[15] 

Detailed convergence charts during training show can progressively decrease training loss and fix errors iteratively. 'Max_depth' 

min_child_weight,' among other hyperparameters, can be fine-tuned to allow generalize to new data. [16] Specifically, regularization terms 

like "reg_alpha" and "reg_interstitial" are essential in avoiding overfitting and may be applied to a variety of musical styles.[17] 

6.1.2. Analysis of the lightGBM model 

Simultaneously, the LightGBM music popularity prediction with its a configuration of 2309 estimators and a learning rate of 0.0494. Over 

the veracity of the warning, the model performs admirably. Echoing the findings of XGBoost, feature importance analysis highlights the 

'SongLength' and 'Tempo.' LightGBM's distinct advantages—like its leaf-wise tree growth approach—help make training more effective 

without sacrificing accuracy.[17]. 

Training convergence graphs show how quickly the model converges with LightGBM. The model's quick response to patterns in the data 

demonstrates its computational effectiveness. The regularization parameters "reg_alpha" and "reg_interstitial," in particular, further im-

prove the model's capacity for generalization. LightGBM is an ensemble approach because of its sophisticated configuration, which helps 

it to navigate the complexity of musical qualities.[18]. 

6.2. Group collaborations 

6.2.1. Rationale for model selection 

The choice to develop an ensemble model is based on the identification of specific advantages in both LightGBM and XGBoost. Through 

the utilization of various models' varied methodologies, the ensemble seeks to improve overall predictive robustness and accuracy. The 

selection criteria place a strong emphasis on the value of diversity in forecasts, making sure that cooperation helps to overcome the flaws 

of individual models. 

6.2.2. Group performance assessment 

The comparative examination of accuracy measures shows that the ensemble model performs well. Through the combination of XGBoost 

and LightGBM forecasts, the ensemble compensates for the biases of each model by achieving a holistic viewpoint. The two models are 

complementary, as shown by correlation analysis, with areas of divergence suggesting possible directions for model development. 

6.2.3. Generalization and robustness 

Robust diagnostics evaluate the stability of the ensemble in a variety of scenarios. Cross-validation findings demonstrate consistent per-

formance across several data subsets, confirming the generalization capacity of the ensemble. Sensitivity evaluations confirm the ensem-

ble's flexibility even more and shed light on how sensitive it is to changes in the input attributes. 

7. Final thoughts and prospective routes 

We used an ensemble technique to combine the individual and synergistic predictive powers of LightGBM and XGBoost in our in-depth 

investigation of music popularity prediction. The findings showed complex trends in the data, illuminating the complex relationship be-

tween musical qualities and popularity. The main conclusions are summarized here, along with their consequences and potential directions 

for further research. 
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7.1. Important discoveries 

7.1.1. Importance of the feature 

'SongLength' and 'Tempo' were consistently found by both LightGBM and XGBoost to be critical music popularity criteria. These attrib-

utes' consistent influence on listener preferences across models is highlighted by their robustness. Comprehending the relative importance 

of every component offers significant perspectives for artists, creators, and streaming services aiming to enhance their material. 

7.1.2. Strengths unique to the model 

XGBoost proved to be adept at capturing non-linear interactions, highlighting the significance of precisely calibrated hyperparameters for 

peak performance. LightGBM, on the other hand, demonstrated computing efficiency with its leaf-wise tree development approach. Ac-

knowledging the distinct advantages of every model allows customized applications in situations when traits are beneficial.[19] 

7.1.3. Group collaborations 

The ensemble method offered a comprehensive view of music popularity by carefully integrating LightGBM and XGBoost predictions. 

The ensemble improved predicted accuracy by reducing individual biases and utilizing the diversity of the models. The models' cooperation 

showed promise for enhanced performance on a variety of datasets. 

7.2. Consequences 

7.2.1. Applications 

The music industry can benefit from the practical implementations of the ideas gleaned from this investigation. Producers and artists can 

use feature important data to create compositions that suit the tastes of their target audience. Streaming systems can improve user satisfac-

tion and engagement by fine-tuning recommendation algorithms using the recognized influential elements. 

7.2.2. Group modeling techniques 

The ensemble approach's success emphasizes how crucial diversity is for modeling techniques. The found synergies underscore the possible 

advantages of merging models with complementary capabilities. This strategy can be extended to other fields where the accuracy of pre-

dictions is crucial, providing opportunities for creative group techniques. 

7.3. Prospective courses 

7.3.1. Weighting of the dynamic ensemble 

Subsequent investigations may examine dynamic mechanisms of weighting in ensemble models. The ensemble might enhance its predictive 

power by adjusting weights in response to changes in incoming data characteristics or real-time model performance. Resilience in the face 

of shifting preferences and trends is ensured by this adaptive approach. 

7.3.2. Examining extra features 

By adding new variables or engineering characteristics, the feature set can be expanded, and more insights into the dynamics of music 

popularity can be found. A more thorough understanding of listener preferences could be attained by looking at audio aspects, sentiment 

analysis of lyrics, or including outside variables like cultural events.[17] 

7.3.3. Techniques for interpretability 

Improving the interpretability of intricate models is still an important area to investigate in the future. Applying methods like SHAP (Shap-

ley Additive Explanations) or LIME (Local Interpretable Model-agnostic Explanations) could help stakeholders in the music business 

understand the reasoning behind forecasts and take appropriate action.[20] 

Table 4 compares the performance of the proposed XGBoost model with several baseline models. XGBoost achieved the lowest MAE 

(7.21) and highest R² (0.83), indicating superior predictive accuracy. LightGBM also performed competitively (MAE = 7.48, R² = 0.80), 

while classical models such as Linear Regression and Decision Trees yielded significantly lower accuracy. Statistical tests confirmed that 

both XGBoost and LightGBM significantly outperform baseline models (p < 0.05). These results validate the effectiveness of ensemble-

based learning with hyperparameter tuning in predicting song popularity. 

 
Table 4: Comparative Study of Proposed Models with Other Models 

Model MAE  MSE R2 95% CI (MAE) Statistical Significance vs XG Boost(p-value) 

Linear Regression 11.9 246.8 0.51 [11.32,12.48] <0.001 

Decision Tree 10.45 198.65 0.62 [9.89,11.01] <0.001 
Random Forest 8.36 153.42 0.74 [7.95,8.77] <0.01 

Neural Network (ANN) 8.01 147.05 0.76 [7.62,8.40] <0.01 

LightGBM 7.48 132.84 0.8 [7.10,7.86] <0.05 
XGBoost+LightGBM (Proposed) 7.21 125.92 0.83 [6.85,7.57] -- 
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7.4. Conclusion and future work 

Through careful examination of the challenging terrain surrounding the forecast of music popularity, this in-depth investigation produced 

a sophisticated grasp of key characteristics and model dynamics. Combining XGBoost and LightGBM, coordinated by an ensemble frame-

work, demonstrated how different modeling approaches may operate well together. These results provide a solid basis for content produc-

tion, informed decision-making, and the development of adaptive prediction algorithms as the music industry develops. Future work will 

explore integrating deep audio features through CNNs and testing the models on region-specific datasets to enhance cultural generalizabil-

ity. 
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