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Abstract. Each piece of music has a considerable amount of information and attributes, and each 
listener has their own unique taste in music, with some songs being very popular and others being 
relatively niche. It becomes worthwhile to examine what kinds of music are more popular. It’s clear 
that in this subject, the analysis and study of the available data is a "crucial first step". In this paper, 
we use several fitting models in machine learning as the theoretical basis, using pandas, sklearn, 
xgboost, and other related tools in python, to predict the popularity of music based on a dataset of 
music information originating from Kaggle The most suitable machine learning model is founded for 
predicting music popularity and the effectiveness of its fit are evaluated. This study provides a 
methodological basis for finding the factors influencing music popularity in post-order studies and 
can be a key study in determining the factors that influence the popularity of music in the future. 

Keywords: Music, xgboost, XGBRegressor, data.  

1. Introduction 

1.1. Background 

In the music market, musicians are the ones who most want to know what their audience likes. 

Once know what the audience likes, it is easier to produce a more popular work. For tracks, there are 

a lot of features: some are acoustic in nature, such as beats, keys, etc., which are the nature of the 

track or the music itself. Some are non-acoustic and have to do with the emotion, attitude, etc. of the 

music, or even the composer or the album to which the music belongs. 

Each listener, they have their own preferences, and for the public, some pieces are widely available, 

while others are less known. Discovering the public's preferences for the music itself will have a 

significant impact on the development of the music. And trying to find the relationship between the 

attributes of the music itself and the popularity of the music and trying to use these attributes to predict 

the popularity value of the music, is a very important part of this research. 

1.2. Objection 

The aim of this research is to find the most suitable model for predicting the popularity of music, 

as well as finding the relationship between the relevant properties of music and popularity, using the 

dataset used as a sample, to provide a methodological basis for future research. By finding the right 

models and methods, the further study can also explore the connection between certain properties and 

popularity and explore it in depth in future research. 

In this paper, a music dataset which was obtained from the Kaggle [1] website is as a basis, and 

python as a tool to predict the popularity of music using different machine learning models, calculate 

and compare the relevant coefficients to evaluate the fit of the different models, and thus find the 

model that fits best. This study have used a python related data analysis tool to cleaned and trained 

the dataset, and found the most suitable model for the dataset so far, which is able to fit the effect of 

individual attributes on music popularity better [2]. 
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2. Methodology 

2.1. Source of data 

The dataset for this study is from Kaggle [1] and records a dataset of 114,000 tuples and 19 

attributes up to mid-2022 on music and its various attribute metrics, with popularity as the only 

dependent variable. 

2.1.1 Dependent variables 

In this study, the dependent variable is the outcome, which is the popularity of the data. Popularity 

is a value from 0-100, with 100 indicating the most popular. Popularity is calculated algorithmically, 

based on the total number of plays and the recent number of plays of the song. In general, songs with 

high total airplay are more popular, while songs with high recent airplay are more popular than songs 

with high past airplay. 

2.1.2 Independent variables 

There are many variables that have an impact on the popularity of music, such as instrumentals, 

loudness, etc. Some unwanted attributes have been removed, so only those that have an effect on the 

results are presented in Table 1: 

Table 1. Variables of tracks 

artists： The artists' names who performed the track. 

album_name The album name in which the track appears 

explicit 
Whether or not the track has explicit lyrics. If yes, the value will be true, or it’ll be 

false. 

danceability 
Danceability describes how suitable a track is for dancing with a value between 0 

and 1. 1 means the most danceable 

loudness The overall loudness of a track in decibels (dB) 

speechiness Speechiness detects the presence of spoken words in a track with values in [0,1]. 

acousticness A confidence measure from 0.0 to 1.0 of whether the track is acoustic. 

instrumentalness 
Predicts whether a track contains no vocals in value[0,1], 1.0 means that there is no 

vocal content in music 

valence 
A measure from 0.0 to 1.0 describes the musical positiveness conveyed by a track. 

Tracks with high valence sound more positive 

time_signature An estimated time signature. For example, 3 indicating time signature 3/4 

track_genre The genre in which the track belongs 

 

Some of these variables are categorical variables, which need to transfer them into numeric 

variables. This be shown in the next part 

2.2. Data processing 

This study will use python to clean and analyze the data, the process of cleaning the data will be 

based on the pandas package under python. This data processing is divided into three main parts: 

Eliminating the duplicated and null tuples, Thermal coding and dataset split. The details are described 

as follows. 

2.2.1 Eliminate the duplicated and null tuples 

After checking the data by calling the function pandas, 577 duplicate items and no empty items 

were found, so the duplicate data were eliminated. 

2.2.2 Thermal coding 

By checking the attributes. It is found that there are several variable’s data types are ‘object’, which 

is not proper for analyzing, so the solution is using the method of thermal coding to change them into 

numeric variables, as shown in Fig. 1. 
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Fig. 1 Thermal coding (Photo credit: Original) 

2.2.3 dataset split 

In this study, the argument ‘test_size’ was set as 0.2 to take one-sixth of all data as the training set. 

2.3. machine learning models 

This analysis uses a variety of algorithmic models for machine learning and compares their fitting 

results. 

2.3.1 XGBoost 

XGBoost is an open-source library for building machine learning models, particularly gradient-

boosting models. It is designed to be highly efficient and flexible and is widely used in a variety of 

machine-learning applications. XGBoost is known for its ability to achieve high performance in many 

different types of machine-learning tasks [3]. 

Gradient boosting involves sequentially training several decision trees, with each tree attempting 

to fix the errors caused by the one before it. The projections of all the trees are combined to get the 

final prediction. 

The gradient boosting algorithm is given several new characteristics by the XGBoost algorithm to 

increase its effectiveness and efficiency. These qualities consist of: 

• Regularization: To avoid overfitting, XGBoost adds regularization to the model. 

• Sparse data handling: Many machine learning tasks include sparse data, which XGBoost can 

handle effectively. 

• Parallelization: XGBoost is substantially quicker than many other machine learning techniques 

since it can be parallelized to operate on several cores. 

• Weighted quantile sketch: XGBoost makes predictions that are more precise by using a weighted 

quantile sketch to estimate the gradient and Hessian matrix distributions. 

Overall, the xgboost algorithm can be expressed as: 

𝑦̂ = ∑ 𝑓𝑘(𝑥)𝐾
𝑘=1             (1) 

Where 𝑦̂ is the final prediction, 𝐾 is the number of decision trees, and 𝑓𝑘(𝑥) is the prediction 

of the kth decision tree [4]. 

2.3.2 Polynomial regression 

Polynomial regression is a type of regression analysis. In polynomial regression, the relationship 

between the independent variable x and the dependent variable y is modeled as an nth-degree 

polynomial. It can be used to model relationships between variables that are not linear. 

A polynomial regression model takes the form: 

𝑦 = β0 + β1𝑥 + β2𝑥2 + ⋯ + β𝑛𝑥𝑛     (2) 

where β0  is the intercept term, β1  𝑡𝑜 β𝑛  are the polynomial coefficients, and x is the 

independent variable [5]. 
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2.3.3 Other learning models 

Depending on the properties of the dataset itself, focusing on fitting the xgboost model and 

polynomial regression model is necessary. For reasons of accuracy and the need to find certain hidden 

properties, several methods such as linear regression [6], Ridge, Bayes Ridge[7], Lasso, etc.is added, 

in the hope of finding the most suitable fitted model 

2.4. Evaluation Metrics 

2.4.1 mean squared error 

The mean squared error (MSE) is a commonly used loss function in machine learning that 

measures the average squared difference between the predicted values and the true values. It is defined 

as: 

𝐸𝑀𝑆𝐸 =
1

𝑁 ∑𝑁
𝑖=1 (di−yi)2 =

1

𝑁 ∑ 𝑒𝑖2𝑁
𝑖=1

       (3) 

Where N is training samples, di is the dimensions of vectors, yi is the output of the neural networks, 

ei is the sampling error [8].  

2.4.2 R_Squared 

R-squared, also known as the coefficient of determination, is a measure of how well a model fits 

the data. It is defined as the proportion of the variance in the dependent variable (y) that is explained 

by the independent variable (x). R_Squared is set in the interval [0,1], and can be calculated as shown 

in Fig. 2: 

𝑅𝑚,𝑀
2 = 1 −

∑ (𝑦(𝑥)−𝑦̂(𝑥))
2𝑥𝑚+1−1

𝑥=𝑥𝑚

∑ (𝑦(𝑥)−𝑦̅)2𝑥𝑚+1−1
𝑥=𝑥𝑚

         (4) 

Where 𝑦 is the average of y(x) [6].  

2.4.3 Times 

A time variable which in second is introduced to evaluate the running time of the program to find 

a more efficient model. 

3. Results and Decision 

3.1. Data visualization 

3.1.1 visualization of dependent variables 

By plotting the distribution of the populations, it can be found: population close to 0 accounts for 

more than 10% of all tracks, while the rest of the interval tends to be normally distributed, with a 

relatively large number of tracks in the 20-60 range. The distribution of popularity is shown in Fig. 

2: 
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Fig. 2 Distribution of popularity (Photo credit: Original) 

3.1.2 visualization of independent variables 

This section used the pandas built-in describe() method and info() method to draw the following 

Table 2 to show the information of the independent variables. 

Table 2. Types of all attributes 

0 artists object 

1 album_name object 

2 track_name object 

3 popularity int64 

4 duration_ms int64 

5 explicit bool 

6 danceability float64 

7 energy float64 

8 key int64 

9 loudness float64 

10 mode int64 

11 speechiness float64 

12 acousticness float64 

13 instrumentalness float64 

14 liveness float64 

15 valence float64 

16 tempo float64 

17 time_signature int64 

18 track_genre object 

 

The values of three of these variables are converted from the object class (shown in Table 1): 

artists, album_name, and track_genre. The values of these three variables are listed in this table to 

show the results of the conversion, and the values are not statistically significant. 

3.2. Variable Selection / Correlation analysis  

In order to find the relationship between the independent and dependent variables and the 

relationship between the independent variables in order to select the appropriate variables, this section 

plotted heat maps for all variables for analysis, which is shown in Fig. 3: 
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Fig. 3 Heatmap (The fourth column and fourth row represent popularity)  

(Photo credit: Original) 

In this heat map, the data in the fourth row and fourth column are data related to popularity. This 

section identified the variables with a very low correlation with popularity (<=0.01) and removed 

them. Then from the groups of variables with a high correlation (>=0.3), this section removed the one 

variable in each group that had a low correlation with popularity. During this process, 7 variables 

listed in Fig. 4 are removed and 11 variables remained, then the complexity of the analysis was 

simplified. 

 

Fig. 4 Attributes that were deleted (Photo credit: Original) 

3.3. Model training and evaluation 

3.3.1 Model training and comparison 

After the data had been selected and analyzed, this section trained the dataset separately using all 

the training models selected, calculated evaluation metrics for each model and visualized them. 
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Fig. 5 R_Squared of different models (Photo credit: Original) 

The definition of R_Squared tells that the more its value is closer to 1, the greater the relationship 

between the independent variable and the dependent variable, and the better the fit in the same 

situation. From Fig. 5 can learn from the table that the R_Squared of XGBRegressor is much larger 

than the other models and that it is the best-fitting model with a closer relationship between the 

dependent variable and the independent variable under this metric. 

 

Fig. 6 Mean_squared_error of different models (Photo credit: Original) 

Mean_squared_error is a variable used to calculate the error. In this study, the smaller its value, 

the smaller the error in the prediction results and the better the fit is. From the comparison results in 

Fig. 6, it is obvious that the mean_square_error value of XGBRegressor is significantly smaller than 

the other fitting models, and the solution can be found that XGBRegressor has the smallest fitting 

error and the best result 

 

Fig. 7 Times of different models(Photo credit: Original) 
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Fig. 7 can see in the time comparison: XGBRegressor took 43 seconds to run, which is quite long, 

but based on the apparently superior performance, XGBRegressor cannot be judged to be an 

inefficient model - on the contrary, it is still the best 

It can be found that XGBRegressor, in terms of fit, fits significantly better than the other models, 

both in terms of mean_squared_error and R_Squared. Although XGBRegressor took a long time to 

train the data, this study still consider XGBRegressor to be the best performing model based on the 

significantly better fit than the others. 

3.3.2 Model evaluation 

To evaluate the model more visually used the result of XGBRegressor training to plot the 

relationship between its popularity prediction results and the actual value of the popularity, which is 

shown in Fig. 8: 

 

Fig. 8 Relation of predict and actual values (Photo credit: Original) 

From Fig. 8 it can be found that there is a linear relationship between the training results and the 

prediction results, which proves that XGBRegressor is a relatively reasonable and effective model for 

the popularity prediction of this dataset [9]. 

4. Discussion 

Even if the comparison finds the best model, the current prediction model still has shortcomings: 

the R_Squared values are still small and the average error can still be clearly detected. Given the 

quality of the current model, the value it provides for music popularity prediction is still quite limited. 

By analyzing the data processing and the data training process, this section has analyzed some of the 

possible reasons for the increased errors. 

4.1. Values of categorical attributes have no statically significant 

In the thermal coding process, this study transformed the categorical variables directly into 

numeric variables in the order of the data list. This transformation does provide a specific value for 

the attributes, but these values are unordered and not statistically significant. 

In future research, it is necessary to try to give these categorical variables some values that can be 

evaluated to make them relevant for research. For example, for the variable artists, it is also necessary 

to try to calculate the mean of the popularity of all the tracks of this artist to replace the original value. 

In this way, the attribute artists will reflect the popularity of the artist, and famous artists tend to have 

more popular work, so the data will fit better. 

4.2. Less attention is paid to the relationship between the independent variables.  

Sometimes the combination of some independent variables may have a different effect on the 

popularity of music, and these should be considered in the study. It still needs to do more correlation 
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analysis to find the relationship between the independent variables and to explore the effect of the 

combination of independent variables on the dependent variable [10, 11]. 

5. Conclusion 

The lessons that researchers are able to learn from this study are as follows. 

1. By cleaning, training, and fitting the data, this study compared the effects of several training 

models and finally found that among the models tested, XGBRegressor was the most suitable model 

for predicting the music popularity of this dataset. Although it took a very long time to run, it was a 

much better fit than the other models, both in terms of mean_squared_value and R_Squared values. 

The results also suggest that the concept and algorithm of decision trees for music classification and 

popularity prediction is the right direction for research and that the results of this fit will be an obvious 

guide when using other models in the future, or when changing the parameters of the model. 

2. When fitting with XGBRegressor, reserchers were able to explore the effect of each attribute of 

the music on its popularity, but while this was effective, there is still much room for improvement. 

There are many other factors in this dataset that are worth exploring, such as: does combining the 

independent variables into a whole provide a better fit for popularity? Does the fit work better when 

the categorical variable is transformed into a meaningful numeric variable? The conclusions obtained 

from this study point to a good head start in the direction of our future research. In the future, the 

further study will try to clean the data in a more efficient and prediction-friendly way and try to 

investigate the relationship between the independent variables and the effect of their combination on 

the results. 
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