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Abstract

Music genre classification is essential in the music streaming industry, with many recom-
mendation systems relying on data mining techniques to accurately classify musical genres.
However, classifying music genres is challenging due to the inherent diversity of music,
even within a single genre. This diversity can make it difficult for machine learning models
to classify music accurately, leading to the development of various techniques to improve
the performance of these models. One such technique is ensemble learning, which com-
bines the predictions of multiple models to improve the overall accuracy of the ensemble.
In this thesis, we propose a new ensemble method called "Augmented Features,” which
combines the predictions of multiple models by augmenting the input features with addi-
tional derived features. This technique can improve the performance of ensemble models by
providing additional information to the models, allowing them to capture the music data’s
complexity better. To evaluate the performance of our ensemble method, we conducted ex-
periments on various music datasets combined with different feature selection techniques.
We compared the results to those obtained using the base classifiers and other ensemble
methods, including voting, blending, and stacking. Our results showed that the augmented
features method repeatedly outperformed the different techniques, particularly on datasets
with high dimensionality and complex relationships between features. It is hoped that this
work will significantly contribute to ensemble methods and improve the performance of

machine learning models in various applications.
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Chapter 1

Introduction

Music is a universal language that brings people together by expressing feelings, thoughts,
and experiences. It is integrated into our lives and can express our emotions and memo-
ries [1]. The diversity and richness of music are reflected in the multitude of genres that
exist, each with its unique style, sound, and cultural significance [2] such as Pop, Jazz,
Rock, Blues, and Hip Hop. The task of accurately predicting the genre of a musical piece
is challenging due to the subjective nature of music and the diverse range of musical styles.

The problem of music genre prediction is important as it has applications in various
fields, such as music recommendation [3] and content-based music classification [4]. With
an ever-growing catalog of music and the importance of accurately categorizing it for music
streaming services, producers, and songwriters, it is essential to develop models that can
accurately predict music genres. However, current methods for music genre prediction
have limitations. They can fail to accurately predict the genre of a musical piece due to
the constraints of the existing datasets and the need for more robust and scalable machine
learning models.

This thesis aims to develop a novel classification approach for music genre prediction
that can overcome some of the limitations of current methods and improve their perfor-

mance. The objectives of this study are to:

* Explore, prepare, and utilize some existing popular music datasets,
* Develop and evaluate an enhanced approach for music genre prediction,

* Compare the performance of the proposed approach with traditional methods to demon-



1.2. MOTIVATION FOR USING ENSEMBLE LEARNING

strate its effectiveness and advantages.

The scope of this thesis will focus on predicting music genres in the Western classical and

popular music domains using pre-existing datasets that include various musical features.

1.1 Research Overview

This study contributes to the advancement of the field of music genre prediction and
has implications for related areas such as music recommendation and music information
retrieval and could be potentially extended to other applications of machine learning. In this
research, a novel ensemble learning model called “Augmented Features” was introduced,
which averages the prediction probabilities of base learners (classifiers) and enhances the
features in a dataset to improve the prediction performance. In addition, our research com-
pared and analyzed several classification models and feature selection techniques for music
genre categorization. These models embody single-classifier classification methods, includ-
ing the Multi-layer Perceptron [5], Random Forest [6], XGBoost [7], LightGBM [8], and
K-Nearest Neighbors (k-NN) [9] classifiers, as well as ensemble learning methods [10] such
as voting, blending, and stacking [11]. Furthermore, we explored various feature selection
approaches, including embedded-based and wrapper methods [12] such as Recursive Fea-
ture Elimination (RFE), tree-based feature selection, forward, backward, and bidirectional
feature selection methods to classify diverse music genres. Finally, the models and feature
selection techniques mentioned above were applied to three distinct datasets to evaluate
the combination of these feature selection methods and models to discover the one that re-
sulted in the highest classification accuracy. Our results showed that our proposed ensemble

learning model outperformed traditional ensemble techniques in several cases.

1.2 Motivation for Using Ensemble Learning

Ensemble learning is a technique used in machine learning that combines the predic-

tions of multiple models to improve overall performance and achieve more accurate and

2
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robust results and has gained popularity in the field of classification due to its ability to
produce more accurate predictions than individual models. Ensemble models can capture a
broader range of patterns in the data and reduce overfitting by aggregating the predictions
of multiple models. Another advantage of ensemble methods is their robustness to model
errors. By using ensemble models, the errors made by different models in the ensemble may
compensate for each other when the predictions are combined, resulting in more stable and
accurate predictions. The structure of an example meta-model-based ensemble learning
technique (i.e. stacking) is presented in Figure 1.1, where the predictions of N base models

are combined to train a meta-model for final class prediction.

Base Model
1

Base Model

2

T Meta-Model Prediction

Input

Base Model

N-1

Base Model
N

Figure 1.1: Basic design of an ensemble learning model.
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In addition to the improved prediction accuracy of ensemble methods, they can be more
efficient to train than individual models. Ensemble models can be trained in parallel, sig-
nificantly reducing the training time. Furthermore, using an ensemble of models makes it
possible to capture the underlying structure of the data better and achieve improved gener-
alizability to new unseen data by addressing the issues of overfitting and bias that can arise

in individual models.

1.3 Framework of the Research

As outlined in Figure 1.2, three datasets with different sizes and features are utilized
in our study to evaluate the performance of the proposed method compared to other com-
monly used models. First, data preprocessing is conducted to prepare the datasets for our
research. We select the dataset’s five most frequent genres in data preprocessing. Then,
feature conversion is carried out to convert the features into a suitable format for our exper-
iment. Other measures, such as repositioning the target feature, separating the components,
encoding the target feature, and scaling the features, are also implemented to ensure the
data is in the correct format for classification. After preparing the data, the next step is
to select the most relevant features from the dataset. Five feature selection methods are
employed in the experiment to accomplish this task. Once the relevant features have been
identified, the five different base classifiers used in the experiment are tested. Finally, three
traditional ensemble methods, including stacking, voting, and blending, and the proposed
ensemble learning model are employed to predict music genres.

Genre prediction is performed using only base classifiers with and without feature se-
lection and ensemble techniques for a fair comparison between the base classifiers and the
ensemble methods. Furthermore, the performance of the proposed method and mentioned
models are evaluated by cross-validation, a widely used method for assessing the perfor-
mance of machine learning models [13], allowing a proper comparison between different

approaches.
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Spotify

TCC_CED

Datasets

\

. Selecting Top 5 Genres
 Feature Conversion
Data * Repositioning the Target Feature
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—

\

PR
* Recursive Feature Elimination
* Tree-based Feature Selection
Feature Selection « Froward Feature Selection
* Backward Feature Selection
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_

v

XGBoost

Base Classifiers

|

X

Augmented Stacking Blending Voting
Features
Ensemble Learning
(

Figure 1.2: Architecture of the proposed framework.

1.4 Thesis Structure

The thesis incorporates six chapters, including this chapter, that thoroughly examine and
analyze the topic. Chapter 2 presents a comprehensive overview of the literature on the sub-

ject, synthesizing the key concepts and ideas from previous studies. Chapter 3 introduces
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the three datasets used in this research (Spotify, TCC_CED, and GTZAN) and the data pre-
processing steps employed to prepare them for genre classification in our study. Chapter
4 delves into the specifics of the research methodology proposed, including a detailed ex-
planation of the augmented features ensemble model and algorithms utilized. In Chapter
5, the study’s results are analyzed and discussed, focusing on assessing the performance of
the proposed augmented features ensemble model and the implications of these findings.
Finally, Chapter 6 serves as the conclusion of the thesis, demonstrating an overview of the

primary points addressed and potential avenues for our future research.



Chapter 2

Literature Review

Machine learning is an effective tool in many domains, including image recognition [14],
natural language processing [15], bioinformatics [14], and other fields. However, in this
research, we are particularly interested in exploring machine learning techniques in mu-
sic genre classification. Music genre classification is a fundamental problem in “Music
Information Retrieval” and has been a topic of substantial research in the field.

This chapter will introduce music information retrieval and explore the various ap-
proaches used for genre classification, including machine learning, deep learning, and en-
semble learning models. We will review the literature on these approaches and discuss their
strengths and limitations in the context of music genre classification. We will also examine
other methods used in music genre classification to provide a comprehensive overview of

this topic and its potential future directions.

2.1 Music Information Retrieval

Music Information Retrieval (MIR) is a field that deals with the automatic extraction
of information from music, which can include tasks such as automatically identifying the
artist and the title of a song, detecting the genre of a piece of music, or even transcribing the
music into a symbolic representation such as sheet music. Kassler first introduced MIR in
1966 [16], and nowadays, it is used in various applications, such as music recommendation
systems, music classification, and music search engines. In the digital age, music is eas-

ily accessible, and the demand for personalized recommendations has increased, making
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MIR more critical and widespread. One key aspect and core task of MIR is music genre
classification, which involves categorizing music by style or type. However, accurately
classifying music by genre can be challenging due to the subjectivity of genre labels and
the constantly evolving nature of music. Therefore, researchers have developed more pre-
cise systems and models to address this challenge using machine learning [17], deep learn-
ing [18], and natural language processing [19] techniques. These approaches have often
been effective in identifying patterns and trends in music data and improving music recom-
mendation systems. Music recommendation systems suggest music to users based on their
preferences and listening history and use various techniques, including collaborative and
content-based filtering, to make personalized recommendations [20, 21, 22]. In addition to
genre classification and recommendation, MIR includes tasks such as music transcription,
which involves converting audio recordings of music into a written form [23], and music
generation [24], which consists in creating new music using computational techniques.

Furthermore, music directly impacts the human brain and can affect cognition and
mood [25]. As aresult, the effectiveness of MIR systems depends on their ability to provide
access to the appropriate genre of music at the right time. For instance, music streaming
platforms such as Spotify! and SoundCloud? use MIR techniques to classify music and
offer recommendations to their users.

As discussed, MIR is a crucial music industry aspect with numerous applications. Ma-
chine learning approaches have proven effective in improving MIR systems, and music
streaming platforms use these systems to classify music and offer personalized recommen-
dations to their users. However, MIR has challenges based on the nature of music [26]. One
major challenge is the subjectivity of genre labels, making it difficult to classify music ac-
curately. Another challenge is the sheer volume of music data available, making it difficult
for MIR systems to keep up with the constantly evolving music landscape [27]. Despite

these challenges, MIR remains a significant area of research and development, with re-

"https://open.spotify.com/.
nttps://soundcloud. com/.
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searchers working to improve the accuracy and effectiveness of MIR systems. In the future,
MIR will continue to play a significant role in the music industry as technology advances
and the demand for personalized recommendations grows. As MIR systems become more
sophisticated, they can better meet music listeners’ needs and help them discover new and

exciting music.

2.2 Music Genre Classification

Music genre classification is a fundamental problem in MIR as it helps to organize and
categorize music, making it easier for people to find and enjoy the music they like. How-
ever, with the massive amount of music available today, manual classification is becoming
increasingly more complex and time-consuming, which is why automating the process by
employing machine learning and deep learning techniques has become popular. These
techniques have been widely used to analyze music data features for genre classification
and have shown to be effective in genre classification by achieving high accuracy and per-
formance. In addition to machine learning and deep learning techniques, researchers have
also utilized ensemble learning methods to improve the performance of genre classification.
Ensemble learning methods involve combining multiple models to create a more robust and
accurate approach. Further research in this area will likely lead to more precise and sophis-
ticated techniques for genre classification, making it more convenient for music enthusiasts
to discover the music they enjoy. In this section, we will explore various research and stud-
ies on genre classification and evaluate the performance of machine learning, deep learning

models, and ensemble learning methods for this task.

2.2.1 Machine Learning Approaches
The literature presented in this section describes various studies conducted on music
genre classification using different machine learning algorithms and feature extraction tech-

niques. For example, Li et al. [28] proposed an innovative approach for feature extraction
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called Daubechies Wavelet Coefficient Histograms (DWCHs) for music genre classifica-
tion. In addition, the authors validated the performances of different machine learning
algorithms, including Support Vector Machines (SVM) [29] and Linear Discriminant Anal-
ysis (LDA) [30]. The first dataset in this study comprised 756 songs with more than five
different genres, while the second dataset contained 756 songs with more than ten different
genres. The authors utilized ten-fold cross-validation to evaluate the performance of the
models. Their results showed the SVM achieved the highest average accuracy when using
the DWCHs technique.

The Synat database?, containing over 50,000 records and 13 musical genres, was used
by Aldona R. and Bozena K. [31] to show effective automatic musical genre classification.
During the preprocessing stage, the tracks were segmented, and the feature vectors were
expanded by parameters relating to the musical instruments that are distinctive for the spec-
ified musical genre. Next, the recordings were divided using a semi-supervised instrument
separation based on Non-negative Matrix Factorization (NMF) [32]. After that, the data
were scaled via normalization to improve model performance. Finally, the model, which
created a classifier from labeled and unlabeled data, was trained. The outcomes revealed
that the SVM'’s overall classification accuracy was around 72%. Additionally, the study
showed that separating instrumental tracks can be an effective feature representation for
music genre classification. The study results demonstrated that the proposed method was a
promising approach for music genre classification and could be reliable for this task.

Acoustic elements of music were retrieved using digital signal processing techniques
in work presented by Elbir et al. [33]. Subsequently, the authors utilized machine learn-
ing algorithms to classify music genres and offer recommendations. SVM fared better in
classification accuracy than all the other methods. In this study, employing a deep learn-
ing algorithm established no noticeable difference in performance regarding music genre

classification.

3https://qoe.agh.edu.pl/synat-database/.

10
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In a research conducted by Chillara et al. [34], the Free Music Archive (FMA tiny)
dataset [35] was employed to investigate the categorization of genres. The authors offered
a simple solution to the classification problem and compared it to several more complex,
reliable models. In this research, the image-based classification outperformed the feature-
based classification.

The research proposed by Asim and Siddiqui [36] compared the performances of k-
Nearest Neighbors (k-NN) and SVM to pick the best classification algorithm for grouping
music genres. The authors conducted their research using both Principal Component Anal-
ysis (PCA) [37] and without PCA. They suggested that SVM gave better results with 77%
accuracy without dimensionality reduction.

Sumanth and Priyadarshini [38] compared linear regression and the Extreme Gradient
Boost (XGBoost) algorithm for music genre classification. The authors argued that lin-
ear regression was a simple and widely used method for classification, but its performance
could have been improved. In contrast, XGBoost, a more robust algorithm based on gradi-
ent boosting, could achieve higher accuracy. Results showed that the classification of music
based on genre using XGBoost (59.0%) appeared to be more accurate when compared to

Linear Regression (53.0%).

2.2.2 Deep Learning Approaches

Prabhakar and Lee [39] presented a new method for music genre classification that
utilized deep learning techniques. The authors argued that previous methods for genre clas-
sification often rely on a single feature extraction method or machine learning algorithm,
which can lead to suboptimal performance. Instead, they proposed a holistic approach
that combined multiple feature extraction methods and machine learning algorithms to im-
prove the accuracy of genre classification. Three music datasets were utilized in the trials:

GTZAN?*, The International Society for Music Information Retrieval (ISMIR), and Mag-

*https://www.tensorflow.org/datasets/catalog/gtzan.
Shttps://ismir2004.ismir.net/.

11
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naTagATune®. When the suggested deep learning BAG model was employed, a substan-
tially higher classification accuracy of 93.51% was reached. They showed that combining
multiple feature extraction methods, deep learning algorithms, and efficient transfer learn-
ing techniques can improve music genre classification performance.

In a study by Singh and Biswas [40], the effectiveness of diverse musical and non-
musical characteristics was evaluated using deep learning models of various complexities
for music genre classification. The study trained the models on four different datasets and
utilized a variety of musical and non-musical characteristics. After training, the results of
the training and validation splits were analyzed. Investigating the different attributes helped
uncover the datasets’ underlying properties and robustness.

Dias et al. [41] employed Convolutional Neural Network (CNN) [42] to categorize
music into several genres based on the features extracted from audio recordings from the
GTZAN dataset. Additionally, a recommendation algorithm was implemented to suggest
similar pieces of music to the users. Similarly, Zhang et al. [43] investigated the effective-
ness of using CNNs for music genre classification on the GTZAN dataset. Through experi-
mentation, they found that combining max-pooling and average-pooling and using shortcut
connections to skip one or more layers effectively improve classification with CNNs.

The study by Patil and Komati [44] proposed a new system for classifying music genres
using a neural network. Their system included three main processes: data preparation,
feature extraction, and classification. The authors utilized the spectrogram’s feature values
as input for their proposed system architecture. They evaluated the performance of the
proposed system on the GTZAN dataset and compared it to the existing methods. The
study also tested the proposed methodology on Indian music.

Mughal et al. [45] presented another approach for classifying music genres, focusing
on music in the Urdu language. The authors created a dataset of Urdu music tracks and

used it to train and evaluate different classification models, focusing mainly on CNNs. The

6https ://paperswithcode.com/dataset /magnatagatune.

12
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models’ performances were compared in terms of validation accuracy. The model based on
CNN achieved the highest level of accuracy of above 90% compared to other techniques.

Multi-layer Independent Recurrent Neural Network (IndRNN) was used to classify mu-
sic genres in the GTZAN dataset by Wu et al. [46]. The authors used scattering transform
to decrease data redundancy. Compared to other cutting-edge models, the IndRNN-based
network in this study achieved substantial recognition rates. In addition, it fared well in
terms of accuracy and speed when classifying music genres.

Liu. et al. [47] suggested a deep learning-based middle-level feature interaction strat-
egy. They addressed the problem of independent branches in existing multi-feature models,
resulting in a need for feature learning for classification. The proposed method showed
improvement in classification results compared to state-of-the-art methods. Furthermore,
it revealed that the interaction between features could have a gain or inhibitory effect on
classification performance.

Pelchat et al. [48] used a CNN to classify musical genres using spectrogram images of
brief time segments of songs. The network consisted of six convolutional layers, a fully
connected layer, and a softmax function for genre classification. The accuracy in this study
was 85%.

Rani et al. [49] introduced a technique that employed a CNN to determine the mood
of songs using its genre pitch. The method started by converting the music clip into a
spectrogram, then used as an image for CNN to classify the song’s mood. The proposed
approach was tested on more than 450 music samples and achieved a 90% accuracy in mood
classification.

In the study by Cheng et al. [50], a hybrid model combining CNN and Recurrent Neu-
ral Network (RNN) [51] was used for music genre classification using the GTZAN dataset.
The audio samples were preprocessed using MFCC, similar to human hearing, and used as
the feature vector for the model. As a result, the hybrid model achieved an accuracy of 43%

with a faster training speed by leveraging the strengths of both CNN and RNN for process-
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ing the data. Similarly, Wang and Sohail [52] proposed a deep-learning-based music style
classification method, combining CNN and RNN with MFCC coefficient features extracted
by discrete Fourier transform. This method had a classification accuracy of 93.3%.

The Bottom-up Broadcast Neural Network (BBNN) is a novel architecture proposed by
Liu et al. [53], designed to classify music genres. The BBNN model effectively utilizes both
low-level musical features and high-level semantic information. It was tested on datasets
like GTZAN, Ballroom’, and Extended Ballroom [54] and achieved a high classification

accuracy above 90%.

2.2.3 Hybrid Approaches

Lau and Ajoodha [55] compared Logistic Regression (LR), Random Forest (RF), Mul-
tilayer Perceptron (MLP), k-NN, and SVM with a CNN for categorizing musical genres.
The features used in the study were content-based features that were extracted from raw au-
dio signals. The results showed that traditional machine learning models produced similar
results to CNN.

Ndou et al. [56] aimed at automatic music genre classification using deep learning and
traditional machine-learning models. The work was conducted in three phases, and the re-
sults showed that the k-NN model provided the best accuracy at 92.69%, with a relatively
low training time. The linear logistic regression and SVM also performed well, attaining
accuracy above 80%. However, the CNN implementations provided relatively low accu-
racy. The authors concluded that traditional machine learning models tend to outperform
deep-learning approaches in automatic music genre classification.

Bahuleyan [57] investigated music genre classification using audio set data from Youtube.
The author proposed two approaches: the first uses a CNN-based image classifier trained
on spectrogram images, and the second uses XGBoost trained on time and frequency do-
main features. The CNN-based approach performed better, and ensembling the CNN and

XGBoost models improved performance further.

"https://paperswithcode.com/dataset /ballroom.
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2.2.4 Ensemble Learning Approaches

In recent years, several studies have presented ensemble techniques for music genre
classification to improve the classification’s accuracy. Ensemble techniques combine the
predictions of multiple individual classifiers to produce a more accurate final prediction. For
example, Nascimento et al. [58] proposed the feature selection process with an ensemble
approach. First, binary classifiers were used to complete the multi-classification task. Next,
the outputs of the binary classifiers were integrated to produce the final music genre label.
The Latin Music Database (LMD) [59] is the dataset utilized for this work, which has
3,227 musical compositions divided into ten musical genres. The classifiers employed were
Naive Bayes [60], Decision Trees [61], SVM, and MLP. The ensemble method, as expected,
generally outperformed the individual classifiers.

Sanden and Zhang [62] used ensemble techniques for multi-label genre classification.
The testing data comprised 430 full-length music pieces from 16 world genres. Three
assessment metrics were used: example-based, label-based, and rank-based. The third
group drew ranking information from a score vector and conducted assessments accord-
ingly, while the last two groups were based on bipartition vectors. For the ensemble, het-
erogeneous classifiers were used for training. Multi-label learning was performed using
the Mulan [63] open-source library with the default settings. Mel-frequency Cepstral Co-
efficients (MFCC), Zero-crossing Rate (ZCR), Spectral Centroid, Rolloff, Spectral Flux,
and Chroma were the criteria for categorizing content into different genres. Using hetero-
geneous ensemble approaches improved classification performance for the three datasets
utilized in this experiment. However, when separate classifiers were required to be trained
and merged, this performance increase came at the sacrifice of intrinsic computational cost.

The research by Chathuranga and Jayaratne [64] demonstrates a method for classifying
music into different genres using an ensemble of classifiers. The authors proposed using
multiple classifiers, such as k-NN, Decision Tree, RF, and Naive Bayes and combining

their predictions to improve classification accuracy. The study found that the ensemble
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approach outperformed individual classifiers in accuracy, precision, and recall. The results
of both studies support the idea that ensemble techniques can effectively improve music
genre classification.

Ricardo et al. [65] suggested a method for classifying music into different genres using
a dynamic selection of an ensemble of classifiers. They use multiple classifiers and a selec-
tion algorithm to choose the best classifier for each song, depending on its characteristics.
The study used the Latin Music Database and found that the dynamic selection ensemble
approach outperformed traditional ensemble techniques and individual classifiers. The au-
thors conclude that the dynamic selection of classifiers can effectively improve music genre
classification, which is worth considering when developing a music genre classification sys-
tem.

Leartpantulak and Kitjaidure [66] presented a method for music genre classification us-
ing Particle Swarm Optimization (PSO) [67] and the stacking ensemble technique. PSO
optimizes a problem by iteratively adjusting a population of candidate solutions called par-
ticles. The authors proposed using PSO to optimize the ensemble of classifiers and a stack-
ing ensemble technique to combine predictions of multiple classifiers. The study found that
the proposed method performed better than traditional ensemble techniques and individual
classifiers in accuracy. The results of this study demonstrate that combining PSO with the
stacking ensemble technique can be an effective method for music genre classification, and
it can be a promising approach for this task.

Nanni et al. [68] proposed a novel approach for music genre classification by combin-
ing deep learning, visual, and acoustic features in an ensemble framework. The authors
proposed an ensemble of multiple components and classifiers to improve classification ac-
curacy. The results showed that the proposed ensemble approach performed better than
individual classifiers in accuracy and achieved state-of-the-art results. Furthermore, com-
bining visual and acoustic features with deep learning classifiers showed promising results,

and the authors suggest this could be a powerful approach for music genre classification.
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Furthermore, the study supports the idea that ensemble techniques can effectively improve
music genre classification, which is worth considering when developing a music genre clas-

sification system.

2.2.5 Other Approaches

Several other approaches have been proposed for music genre classification in recent
years. For example, in a study by Meng et al. [69], the authors proposed a multivariate au-
toregressive feature model to address the difficulty of music genre categorization by using
a framework that integrated multiple feature representations, including MFCCs, chroma
features, and tempo information. To categorize music data, the authors used the Diago-
nal Autoregressive (DAR) and Multivariate Autoregressive (MVR) models as prediction
models. Although the suggested MAR features outperformed the others, the computational
complexity increased.

Another approach was suggested by Martins et al. [70]. In their study, the authors ad-
dressed the challenges of selecting a set of features for high genre classification accuracy
in music and the need for a representative dataset of regional Brazilian music. They in-
troduced a new set of features to classify genres of music and a new dataset called the
Brazilian Music Dataset (BMD). The proposed characteristics were assessed on the BMD
and the GTZAN datasets. The results indicated an average accuracy of 79.7% for GTZAN
and 86.11% for the BMD.

Salazar [71] proposed a method for music genre classification using complex networks
built from Mel-spectrogram features. The author used hierarchical mining at macro and mi-
cro levels and expanded feature vectors to include visual, auditory, and topological features.
This study also used a logarithmic score to evaluate the performance. The study showed
that the proposed method was reliable and effective in music genre classification.

Song et al. [72] suggested a semi-supervised content-based music genre classification

technique. The authors dynamically combined several features in this study and used a
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regularized least-square framework as a primary classifier. In addition, a distance-based
technique that considers only similarity scores across songs as a measure of classification
accuracy was used. An expectation-maximization approach was suggested to learn the
fusion scores adaptively. The overall best-found accuracy for this study was 84.77%.

Silla and Freitas [73] presented two new top-down approaches for hierarchical classi-
fication. Their research evaluated several techniques using a dataset of more than 4,000
songs. An analysis of the experimental data showed that, in most cases, the novel ap-
proaches significantly enhance classification accuracy compared to the conventional top-
down method. In addition, the proposed strategies benefited from dynamically selecting
the best feature representation for each class node instead of using a single fixed feature
representation throughout the whole class hierarchy.

Recently, Nguyen et al. [74] proposed a new technique for classifying music genres us-
ing the Residual Attention Network (RAN). The authors demonstrate that by incorporating
attention mechanisms and stacking attention modules, RAN can be effectively utilized for
image processing. To apply this to music genre classification, the method converts audio
files into spectral images, which are then classified using RAN. The technique’s perfor-
mance was evaluated on a dataset containing recordings of 10 different musical genres and

yielded an accuracy rate of over 70%.

2.2.6 Summary

The studies discussed in this chapter have outlined the effectiveness of various ap-
proaches and methods for music genre classification, including machine learning, deep
learning, and ensemble learning. While traditional machine learning models have shown
good performance, their accuracy can be further improved. Furthermore, deep learning
techniques have gained popularity recently, with various features extracted from audio
recordings and algorithms employed to enhance genre classification accuracy. Moreover,

ensemble techniques have also been widely used, combining the predictions made by multi-
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ple classifiers to improve classification accuracy. However, a potential limitation of ensem-
ble techniques is that they do not fully utilize the dataset’s potential since they often neglect
the importance of the original features from the dataset while training the meta-models, for
instance, in the stacking ensemble learning technique where a meta-model is trained on the
combination of the predictions of the individual base models, focusing on the outputs of
the base models rather than the original features. To address this limitation, we propose
the augmented features ensemble technique in this study that extends the dataset’s original
features by adding additional features based on the prediction probabilities from the base
classifiers, potentially leading to better performance and highlighting that it is essential to
incorporate both the original features and the predictions made by the base classifiers in

ensemble techniques to enhance the accuracy of music genre classification.
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Chapter 3

Data Preparation and Exploration

The purpose of this chapter is to describe the details of the datasets used in our study for
genre classification. The three datasets selected are Spotify®, TCC_CED?, and GTZAN!?,
with each carrying unique features and characteristics. Before discussing the data prepro-
cessing steps, we will first provide an overview of the sources and features of the datasets.
The Spotify dataset consists of information from the audio signals, including popularity,
danceability, and speechiness. The TCC_CED dataset consists of music features in differ-
ent genres, including Rock, Pop, Hip Hop, and Jazz. It also contains information about
the music pieces similar to the Spotify dataset, such as topic, sadness, and acousticness.
Finally, the GTZAN dataset, widely used in music genre classification, contains ten distinct
music genres and incorporates several features such as Spectral Centroid, Spectral Rolloff,
and Mel-Frequency Cepstral Coefficients (MFCCs). We used several criteria to select these
datasets, such as availability, variety of genres, and variation in size. After selecting the

datasets, we proceeded to the data preprocessing phase, which involved several steps:

* We picked the top genres from each dataset based on their frequency of occurrence

to avoid the underrepresented and minority classes.

* We performed feature conversion, which involved converting the features from one
format to another, to make them suitable for our analysis. Then, we repositioned

the target feature to the beginning of the dataset to make it easier to separate the

8nttps://www.kaggle.com/datasets/zaheenhamidani/ultimate-spotify-tracks-db.
‘nttps://data.mendeley.com/datasets/3tIvbwxgr5/1.
Onttps://www.kaggle.com/datasets/andradaolteanu/gtzan-dataset-music-genre-classification?
resource=download.

20



3.1. DATASETS, FEATURES, AND GENRES

features during the classification process. After that, we conducted feature separation,

separating the features into independent and target variables.

* To ensure that the data were suitable for our study, we performed encoding and scal-
ing of the features. The encoding process involves converting categorical target vari-
ables into numerical values, while the scaling process involves transforming the val-

ues of the features so they have the same scale.

Finally, we used five feature selection methods to select the most relevant features: Re-
cursive Feature Elimination, tree-based, forward, backward, and bidirectional feature selec-
tions. These methods helped us identify the most relevant features for genre classification

and reduced the data dimensions, which could improve the model’s accuracy.

3.1 Datasets, Features, and Genres

Three different datasets were picked to get generalized results. Using multiple datasets
for training and testing a classification model can help ensure the model can generalize well
to new data rather than perform well on a specific dataset. This can improve the robustness
and reliability of the model. Additionally, working with different datasets can help identify
potential limitations or biases in the models and provide a more comprehensive evaluation
of their performance. We selected a large (N = 232,725), a medium (N = 28,372), and a
small dataset (N = 1,000), where N is the number of music pieces in a dataset, for a more
comprehensive evaluation of the models and to identify their strengths and drawbacks.

Using a large dataset can help to ensure that the model has enough data to learn from and
can help to improve the accuracy of the model by reducing the chance of overfitting. On the
other hand, working with a medium-sized dataset can help to balance the trade-off between
having enough data to learn from and having a manageable amount of data for testing. In
addition, using a small dataset can help identify potential limitations or weaknesses of the
model and provide a quick evaluation of the model’s performance. It can also help test the

model in resource-constrained environments or quickly test new ideas.
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3.1.1 Spotify

Spotify includes 232,725 music pieces and 15 features for each piece. The features
included in this dataset are presented in Table 3.1. The Spotify dataset originally incor-
porated information about “artist_ name”, “track_name”, and “track_id”. However, these
three features were excluded, so the dataset only contains features about the music pieces’

audio characteristics. Except for "mode” and “key”, which are categorical features, all

other features in the Spotify dataset are numerical.

Table 3.1: Music features in the Spotify dataset.

genre popularity acousticness | danceability | duration_ms energy
instrumentalness key liveness loudness mode speechiness
tempo time_signature valence

There are also 26 unique genres in this dataset, as shown in Table 3.2.

Table 3.2: Music genres in the Spotify dataset.

Movie = R&B A Capella Alternative  Country Dance Electronic

Anime Folk Blues Opera Hip Hop  Children’s Music Rap
Indie  Classical Pop Reggae Reggaeton Jazz Rock
Ska  Comedy Soul Soundtrack World

Figure 3.1 displays the correlation among the features in the Spotify dataset, obtained
through the Spearman Correlation method [75], revealing a generally low correlation among
the features and between the features and the music genre, with the exception of a few cases
such as (loudness, acousticness), (energy, acousticness), and (energy, loudness). This may
be attributed to the fact that the features in the Spotify dataset are primarily high-level or

global features that focus on the sentiment of the music pieces.
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Figure 3.1: Feature correlations within the Spotify dataset.
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3.1.2 TCC.CED

The TCC_CED dataset includes 28,372 music pieces and 26 features. Table 3.3 shows
the features in this dataset. Similar to the Spotify dataset, this dataset initially included
other features such as “Unnamed: 07, “artist_.name”, “track_-name”, “release_date”, and
“lyrics”, which were dropped as in case of the Spotify dataset. In the TCC_CED dataset,

all features are numerical except for the “fopic” feature, which is categorical. As with the

Spotify dataset, this distinction is crucial for properly processing and analyzing the data.

Table 3.3: Music features in the TCC_CED dataset.

genre len dating violence
night/time | shake the audience family/gospel romantic
obscene music movement/places | light/visual perceptions
like/girls sadness feelings danceability
acousticness | instrumentalness valence energy
world/life communication family/spiritual loudness
topic age

The genres in this dataset are given in Table 3.4.

Table 3.4: Music genres in the TCC_CED dataset.

Pop Country Blues Jazz Reggae Rock Hip Hop

Figure 3.2 also shows the correlation among the features in the TCC_CED dataset, indi-
cating a generally low correlation between the features and the music genre. Similar to the
Spotify dataset, the TCC_CED dataset incorporates high-level features that mainly capture

a song’s sentiment and mood.
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Figure 3.2: Feature correlations within the TCC_CED dataset.
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3.1.3 GTZAN

The GTZAN dataset includes information about 1,000 music pieces with ten different
genres. This dataset has 27 features overall, shown in Table 3.5. All the features in the
GTZAN dataset are numerical, and no features were dropped during preprocessing. The
genres represented in the dataset are also indicated in Table 3.6. This dataset serves as
a benchmark for various music classification tasks, allowing practitioners to evaluate the

performance of different machine learning algorithms on a diverse set of music genres.

Table 3.5: Music features in the GTZAN dataset.

chroma_stft | rmse rolloff | spectral_centroid | spectral bandwidth | zero_crossing rate
mfccl mfcc2 | mfcce3 mfccd mfccS mfcc6
mfcc7 mfcc8 | mfcc9 mfccl0 mfccll mfccl2
mfccl3 mfccl4 | mfecls mfccl6 mfccl? mfccl8
mfccl9 mfcc20 | genre
Table 3.6: Music genres in the GTZAN dataset.
Blues Classical Country Disco Hip Hop Jazz Metal Pop Reggae Rock

Figure 3.3 illustrates the correlation among the features in the GTZAN dataset. In
contrast to the Spotify and TCC_CED datasets, which include high-level sentiment features,
the GTZAN dataset contains acoustic features extracted from music signals that are highly

correlated with each other and with the music genres.
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Figure 3.3: Feature correlations within the GTZAN dataset.

As mentioned, one important aspect of the GTZAN dataset is that it contains some
standard acoustic features in MIR, providing an essential representation of each track’s
sound and timbre and allowing researchers to understand the underlying characteristics of

different music genres. We will discuss the features of the GTZAN dataset in detail below.
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Chroma Short-Time Fourier Transform

Chroma Short-Time Fourier Transform (Chroma STFT) is a signal-processing tech-
nique commonly used in music analysis to extract musical features from audio signals. The
Chroma STFT converts the audio signal into a chromagram (“‘a representation of spectral
audio information mapped into one octave” [76]), defining the signal in the musical pitch
space. This representation highlights the signal’s harmonic content [77] and de-emphasizes
the differences in timbre and rhythm. Researchers widely use the chromagram in music in-
formation retrieval tasks, such as chord recognition, key detection, and melody extraction.

The short-time Fourier transform (STFT) X (¢, f) [78] is defined as:

oo

X(t,f) = / KR w(t—1)e T gr

—o0

where x(1) is the original audio signal, w(t —7) is the window function, ¢ is the center

—2mifT

time of the window, f is the frequency, and e is the complex exponential, which

represents a sinusoidal wave of frequency f.

The chroma STFT of the signal is then obtained by mapping the STFT coefficients to
a chroma representation, C(z, k), where k represents the musical pitch class. This mapping
is typically done by summing the magnitudes of the STFT coefficients within a specific
frequency range corresponding to each pitch class. The resulting chroma matrix is then

normalized to obtain the final chromagram, which is a 2D matrix with dimensions (7, K):

e N

Yren X, f)l
Cl1,k) = =eh 2 L)1
,6) Yrer 1X(, f)l

where Fy is the set of frequencies corresponding to pitch class &, and F is the set of

all frequencies.
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Specrtal Rolloff

Spectral Rolloff is an acoustic feature used in MIR to describe the shape of the power
spectrum of an audio signal, which is the frequency below a certain percentage (usually
85%) of the total spectral energy [79]. Spectral Rolloff is a simple but effective feature that
captures some fundamental characteristics of an audio signal, such as its overall tonality

and brightness.

! p(i
Frolloff = argmin(f | LioP(D)

P S p) = 2

where P(f) is the power spectrum of the audio signal, f;,,y is the highest frequency

of interest, fionoff 1S the Spectral Rolloff point, and c is the threshold value.

Spectral Centroid
The Spectral Centroid represents the balance between low and high-frequency compo-

nents and is defined as the weighted mean of the frequency spectrum of a signal [80].

Xl fiPOR)
x5 P(f)

where f; is the frequency of the i bin in the power spectrum, a representation of
the power of each frequency component of a signal, P(f;) is the power of the i

frequency interval, and f,,, is the highest frequency of interest.

Spectral Bandwidth

The Spectral Bandwidth is a measure of the spread of the power spectrum of a sound,
which demonstrates the range of frequency components that contribute significantly to the
audio. It summarizes the distribution of energy across different frequencies. It is expressed
as the difference between the upper and lower frequencies at which a certain fraction of the

total power of the spectrum is contained:
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B = fhigh — fiow

where fiigh is the highest frequency and fioy is the lowest frequency.

Zero Crossing Rate

The Zero Crossing Rate (ZCR) is a practical feature for characterizing audio signals,
especially speech and music signals. ZCR identifies the presence of transient or percussive
sounds in audio signals by measuring the rate at which the signal crosses the zero value in
the time domain [81]. The ZCR is the number of times the audio signal changes sign per
unit or the number of zero crossings in a given time window. Mathematically, the ZCR can

be expressed as:

1 N—1
ZCR = — .
N Zo[x[n] x[n+1] <0
n—
where x[n] is the audio signal at time index n, N is the number of samples in the

window, and [x[n] - x[n+ 1] < 0] is a binary indicator that returns one if the product

of two consecutive samples is negative and 0 otherwise.

Mel-Frequency Cepstral Coefficients

Mel-Frequency Cepstral Coefficients (MFCCs) are a way to represent the spectral en-
velope of a sound signal using a set of coefficients. The process of computing MFCCs
involves dividing the audio signal into overlapping frames, windowing each frame, trans-
forming the signal into the frequency domain, converting the power spectrum (represent-
ing the power of each frequency component of a signal on a linear scale) to a non-linear
scale, taking the logarithm, and finally transforming the result into the cepstral domain [82].
The resulting MFCCs capture the shape of the spectral envelope compactly and efficiently.

MEFCCs are widely used in MIR and speech processing for various tasks such as music
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classification and speech recognition.

s N

Nl Tk N-—1
MFCC;, = w(n)log(E(n))cos(—(n — ——
kn;)()g(()) (N( 7))

where N is the number of frequency bins, w(n) is the triangular window function,
log(E(n)) is the logarithm of the energy in each frequency bin, and  is the coefficient

index ranging from 1 to V.

3.2 Data Preprocessing

Data preprocessing is necessary for machine learning as it helps ensure the data is prop-
erly formatted and free from errors and inconsistencies. Furthermore, this process can
significantly impact the model’s performance and accuracy, as it helps prepare the data
for training algorithms. The various steps involved in data preprocessing include cleaning,
transforming, and normalizing the data.

Cleaning the data is crucial because it removes, corrects, or updates any missing or
incorrect values. This step helps to minimize the potential impact of outliers or irrelevant
data on the model’s performance. On the other hand, data transformation involves scaling
or encoding the data to make it more suitable for training algorithms. It helps to ensure
that the data is of uniform size and type, making it easier for the model to learn from.
As the name suggests, data normalization transforms the data to conform to a standard
normal distribution, ensuring that all features are on a comparable scale [83]. For example,
data normalization is essential in algorithms that use distance metrics, such as k-Nearest
Neighbors [9], as it helps to eliminate the impact of features with larger magnitudes.

Feature engineering is another technique that can be employed in data preprocess-
ing [84], which involves combining different columns or generating synthetic data. Feature
engineering helps to provide the model with more relevant information, improving its per-

formance. This section briefly discusses the techniques we used to preprocess our data for
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our study.

3.2.1 Selecting the Top Genres

Music classification is a complex task involving categorizing music pieces into various
genres. With the wide variety of music genres, it can become difficult to classify them
accurately. To overcome this challenge in our study, we focused on a smaller set of popular
and common genres, which are easier to manage and produce robust results. Doing so also
helps to avoid the problem of minority classes where a few genres dominate the dataset
and make it difficult to classify the other genres accurately. Selecting the top genres based
on popularity can make the classification results more interpretable and practical. This is
because a smaller set of genres commonly understood across multiple platforms, such as
Blues, Country, Electronic, Pop, Metal, Hip Hop, and Disco, can provide better insights
and help users better understand the results [85]. Table 3.7 illustrates the top five genres
selected for each dataset based on their frequency of occurrence, and their distribution is
demonstrated in Figure 3.4. Focusing on these popular genres makes the classification task

more manageable, and the results are easier to interpret and more functional.

Table 3.7: Top five music genres in the datasets.

Dataset Top Genres

Spotify Indie, Pop, Jazz, Comedy, Soundtrack

TCC_CED Pop, Country, Blues, Jazz, Rock

GTZAN | Blues, Classical, Country, Disco, Hip Hop

After choosing the top five genres in each dataset, the number of music records was reduced

to (N = 47,697) in Spotify, (N = 24,970) in TCC_CED, and (N = 500) in GTZAN.
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Figure 3.4: Distribution of top five music genres in each dataset.

3.2.2 Feature Conversion

Feature conversion is required because many machine learning algorithms need input
data to be numerical to work precisely. By converting non-numeric features to numeric
ones, the data can be used to train and make predictions with these algorithms. In this
step, we converted all non-numeric values in the independent variables to numeric ones by
assigning a unique integer value. Genre information was excluded from this process since

it is a label, not a feature, and will be converted in the following steps.

3.2.3 Repositioning the Target Feature

For several reasons, it is essential to reposition the target variable in a dataset. One of
the main reasons is that many machine learning libraries expect the target variable to be
in the first column of the input data. Another reason is that it improves the readability and
understandability of the data. When working with large and complex datasets, it is crucial to
have a clear and intuitive structure that allows users to identify and understand the different

columns and their meanings quickly. Placing the target variable in the first column instantly
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makes it obvious which column represents the outcome the model is trying to predict. In this
step, we re-index the data by withdrawing the genre column from the dataset and reinserting

it back into the dataset at the first position (index 0).

3.2.4 Feature Separation

Next, we isolated the feature (X) and target variable (y) and treated them as separate
objects. Feature separation allows independent variables to be transformed, selected, or
extracted and for the target variable to be encoded as necessary for the specific learning
algorithms. Additionally, it allows a more convenient preprocessing, evaluation, and ade-

quate interpretability of the results.

3.2.5 Encoding the Target Feature

LabelEncoder'" class was used to transform the genres into numerical data. This step is
necessary because many machine learning algorithms can only operate on numerical target
labels. Encoding the genres allows machine learning algorithms to work with categorical
data by converting it into numerical data. In our study, we first utilized the fif() method of
the LabelEncoder class for encoding categorical target labels into numerical labels. This
step is necessary to learn the mapping between the original categorical labels and the nu-
merical labels. Next, we applied the computed label encoding to the target data using the
transform() method from the LabelEncoder class, which replaces each categorical label

with its corresponding numerical label, producing the encoded data.

3.2.6 Scaling the Features
Finally, we utilized StandardScaler'? class to scale our data, which is a preprocessing
technique that scales the data to fit a standard normal distribution. Scaling the data is nec-

essary because many machine learning algorithms, such as k-Nearest Neighbors, assume

https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.
LabelEncoder.html.

Znttps://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.
StandardScaler.html.
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that the input data is standardized and will perform better if this assumption is met. In ad-
dition, scaling the data is required because some machine learning algorithms are acute to
the scale of the input data. With scaling, these algorithms can avoid the possible large num-
bers or outliers in the data and may perform better. StandardScaler addresses this issue by
transforming the data with a mean of zero and a standard deviation of one. The following

equation gives the standardization:

,  x;—mean(x)
X =——"
std(x)

where mean(x) is the mean and std(x) is the standard deviation of the feature values,

x; is a feature value, and x;’ is the standardized feature value.

In our research, we first employed the fif() method of the StandardScaler class to com-
pute each feature’s mean and standard deviation in the input data. By doing so, we cal-
culated the scaling parameters required for transforming the data. Next, we applied the
computed mean and standard deviation to standardize the input data using the transform()
method. As explained in the above frame, this method subtracts the mean value of each
feature from the data and then divides it by the standard deviation of that feature, producing
the standardized data.

Preprocessing techniques such as feature scaling and encoding can introduce data leak-
age if applied to the entire dataset before splitting it into the train and test sets because
the information from the test set can leak into the training set, leading to overfitting and
inaccurate performance estimates. To avoid this issue, the preprocessing transformers are
normally fitted on the training set and then used separately to transform the training and

testing sets.
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3.3 Feature Selection

Repeated, redundant data and unrelated features can reduce a classifier’s generalization
ability and decrease the classifier’s overall accuracy. Additionally, a model’s complexity
increases when more variables are added. Feature selection [86] is one of the most criti-
cal techniques in machine learning. The most relevant and significant features are selected
using different methods such as tree-based feature selection [87], Recursive Feature Elim-
ination (RFE) [88], and feature selection using wrapper methods [89]. A combination of
feature selection approaches provides a robust and comprehensive approach to evaluating
the performance of models with different subsets of features. In our study, we employed
RFE, tree-based feature selection, and forward, backward, and bidirectional feature selec-
tion techniques, which are all commonly used for selecting important features in machine

learning.

3.3.1 Recursive Feature Elimination

RFE is a feature selection technique that aims to select the most informative features
of the data [90]. Given an external estimator that assigns weights to features, RFE chooses
features by examining smaller sets of features iteratively. The importance of each feature
is then calculated using the feature importance characteristics once the estimator has been
trained on the initial set of features. Finally, the least important features are removed,
given the current list of features. This method is applied iteratively to the pruned set until
the required number of features is reached. One key benefit of using RFE is that it can
significantly reduce the dimensionality of the data when working with a large number of
features. It can also improve model performance and reduce overfitting.

In our study, we employed the Random Forest classifier as the external estimator to
evaluate the importance of features and select the top 15 features in each dataset that were
most relevant to the genre classification task to strike a balance between model complexity

and performance. The features chosen in each dataset after applying RFE are shown in
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Table 3.8.
Table 3.8: Selected features in each dataset using RFE.
Dataset Selected Features
Spotify popularity, acousticness, danceability, duration_ms, energy
instrumentalness, key, liveness, loudness, mode
speechiness, tempo, time_signature, valence
TCC_CED len, violence, world/life, night/time, communication

music, movement/places, sadness, danceability, loudness

acousticness, instrumentalness, valence, energy, age

GTZAN | chroma_stft, rmse, spectral_centroid, spectral_bandwidth, rolloff
zero_crossing rate, mfccl, mfcc2, mfcc4, mfccS

mfcc6, mfccll, mfccl12, mfcclS, mfccl?

3.3.2 Tree-based Feature Selection

One of the benefits of using tree-based algorithms [87], such as Random Forest and
Gradient Boosting [91], is their interpretability. They create a series of simple decision
trees that can be easily understood and visualized, making it more convenient to understand
how the algorithm makes predictions and which features are most important. The feature
selection is achieved through a feature importance attribute in tree-based algorithms. The
feature importance attribute assigns a weight or score to each feature in the data based on
Gini impurity, representing how much each feature contributes to the algorithm’s decision-
making process. This information can is used to identify the most important features of the
problem for feature selection and dimensionality reduction. Higher scores indicate that the
feature is more important or relevant for the outcome. Removing less important features
allows the model to be simplified and made more efficient while maintaining high accuracy.

This makes tree-based algorithms particularly useful for feature selection, as it is easy to
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determine which features are most important for the problem. After applying the tree-based

algorithm, each dataset’s top 15 highly correlated features are presented in Table 3.9.

Table 3.9: Selected features in each dataset using the tree-based feature selection.

Dataset Selected Features

Spotify | popularity, speechiness, instrumentalness, danceability, liveness
valence, acousticness, loudness, energy

duration_ms, tempo, key, time_signature, mode

TCC_CED instrumentalness, acousticness, age, energy, danceability
len, loudness, valence, violence
movement/places, world/life, dating, sadness

communication, obscene

GTZAN chroma_stft, rmse, mfcc1, spectral _bandwidth, rolloff
spectral _centroid, mfcc2, mfccl7, mfcc4, mfeco

zero_crossing_rate, mfccl1, mfecS, mfee8, mfec3

3.3.3 Froward Feature Selection

Forward feature selection [92] is a greedy search algorithm that starts with an empty
set of features and iteratively adds the feature that results in the best performance until
no further improvement can be made. The algorithm starts with an empty set of features
and evaluates the performance of each remaining feature using a statistical test, typically
a t-test [93], or ANOVA [94], with a significance level of (p — value = 0.05). Then, the
feature that results in the best performance is added to the set of selected features, and the
process is repeated until no further improvement can be made. In our study, we assessed the
importance of features by fitting a linear regression model in the forward feature selection

algorithm. The t-test was utilized to calculate the p — value for each additional feature in
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the linear regression model. The null hypothesis for the t-test is that the additional feature
does not affect the target variable (i.e., its coefficient in the linear regression model is zero),
while the alternative hypothesis is that the additional feature has a non-zero effect on the
target variable. If the p — value is below the significance level, the null hypothesis is re-
jected, and the additional feature is considered significant and added to the list of selected
features. Otherwise, the alternative hypothesis is accepted, and the additional feature is not
selected. This method is computationally expensive as it requires fitting the model multiple
times, once for each feature addition. However, it can benefit datasets with many features,
allowing the selection of a subset of the most informative features for the target variable.

The selected features by this technique are shown in Table 3.10.

Table 3.10: Selected features in each dataset using forward feature selection.

Dataset Selected Features

Spotify | time_signature, loudness, danceability, energy, instrumentalness
popularity, liveness, speechiness, tempo, mode

duration_ms, acousticness, key

TCC_CED instrumentalness, violence, danceability, age, len
energy, loudness, valence, acousticness
communication, family/spiritual, movement/places, sadness

like/girls, dating

GTZAN chroma_stft, mfcc6, spectral_bandwidth, mfcc18, mfcc4

mfccl2, zero_crossing rate, spectral_centroid, rolloff

3.3.4 Backward Feature Selection

Backward feature selection is a method that starts with all the features and gradually

eliminates the ones that result in a minor decrease in performance. This approach is oppo-
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site to the forward feature selection method, where features are incrementally added to the
model. In this study, we used a criterion of p — value = 0.05 to determine the significance
of the features, just like in the forward feature selection method. The final set of features
selected using this method is shown in Table 3.11. The backward feature selection method
begins with all features, then systematically removes features one by one until no further
improvement in performance can be achieved. This approach allows us to determine the
most important features contributing to the model’s prediction performance.

Table 3.11: Selected features in each dataset using backward feature selection.

Dataset Selected Features

Spotify popularity, acousticness, danceability, duration_ms, energy
instrumentalness, key, liveness, loudness, mode

speechiness, tempo, time_signature

TCC_CED len, dating, world/life, night/time, shake the audience
family/gospel, romantic, communication, obscene
music, movement/places, light/visual perceptions, like/girls
sadness, feelings, danceability, loudness, acousticness

instrumentalness, valence, energy, topic, age

GTZAN | chroma_stft, spectral_centroid, rolloff, zero_crossing rate, mfcc4
mfccS, mfcc6, mfec7, mfecll, mfecl2

mfccl4, mfccl6, mfccl7, mfccl8

3.3.5 Bidirectional Feature Selection

Bidirectional feature selection is a combination of both forward and backward feature
selection. It starts by selecting a subset of features using a forward feature selection al-
gorithm, and then it iteratively removes features using a backward feature selection algo-

rithm [95]. This method allows assigning a subset of features that provide satisfactory
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performance and are small in size. As a result, it has often been considered a more robust
feature selection method than forward and backward feature selection, as it considers both

the addition and removal of features. The selected features are shown in Table 3.12:

Table 3.12: Selected features in each dataset using bidirectional feature selection.

Dataset Selected Features

Spotify | time_signature, loudness, danceability, instrumentalness, popularity
liveness, speechiness, tempo, mode, acousticness

duration_ms, key, energy

TCC_CED instrumentalness, violence, danceability, age, len
energy, loudness, valence, acousticness, communication

family/spiritual, movement/places, sadness, like/girls, dating

GTZAN chroma_stft, mfcc6, mfccl8, mfccd, mfccl?2

zero_crossing_rate, spectral_centroid, rolloff

3.3.6 Summary

In this chapter, we provided an in-depth analysis of the datasets used for genre classi-
fication in our study, which included Spotify, TCC_CED, and GTZAN datasets. We also
presented the music features and genres within each dataset and provided a brief overview
of the acoustic features in the GTZAN dataset.

To ensure that our analysis was thorough, we discussed the data preprocessing steps in
detail, which involved selecting top genres to avoid the minority classes, converting cat-
egorical input features to the numerical format, repositioning the target feature for better
readability, separating the input features and target variable (genre), scaling the input fea-
tures to follow a standard normal distribution format, and encoding the target feature to
convert genres into numerical formats. Furthermore, we discussed the use of five feature

selection techniques in this study and identified the most important features selected by
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these techniques for each dataset. By following these procedures, we aimed to ensure that
our analysis was comprehensive and rigorous, thus enabling a robust evaluation of the re-

sults.
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Chapter 4

A Novel Ensemble Learning through
Augmented Features

In this chapter, we will introduce our proposed ensemble learning technique to increase
the prediction accuracy of music genre classification. We will also discuss various ma-
chine learning classifiers and ensemble learning models that were utilized. First, we will
introduce the base machine learning models applied in the ensemble learning methods, in-
cluding the Multi-layer Perceptron, Random Forest, XGBoost, LightGBM, and K-Nearest
Neighbors classifiers. We will begin by explaining each of these base models’ key features
and principles, including the algorithms used. These provide a solid foundation for un-
derstanding how the ensemble learning methods employed in this study utilized these base
models.

Next, we will explore ensemble learning, which combines the predictions of multiple
models to produce more accurate results than any individual base learner could achieve. We
will examine popular ensemble learning methods such as voting, blending, and stacking and
explore how they were applied in our study. To ensure a fair comparison and eliminate any
potential variability, we decided to implement the blending and stacking ensembles our-
selves rather than relying on built-in libraries, which allow us to run all models under the
same environment. Additionally, we will discuss our proposed augmented features model,
which benefits from a set of additional features incorporated into the ensemble learning
model to improve its prediction performance. Finally, we will cover the performance vali-

dation method used to evaluate our study’s results, including a detailed explanation of the
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metric used to measure each model’s performance and the measures employed to determine

the best-performing model.

4.1 Classification Techniques Employed

To select the best-performing base classifiers based on our datasets, we employed the
Lazypredict!3 library to compare the performance of various classifiers on each dataset and
select a combination of the most accurate ones. Lazypredict is a Python [96] library that
automates the training process and compares various machine-learning models. It allows
for efficient training and evaluates different classifiers on datasets. The selected classifi-
cation models were Multi-layer Perceptron (MLP), Random Forest, XGBoost, LightGBM,
and k-Nearest Neighbors (k-NN) classifiers.

MLP is an effective model that can learn complex, non-linear relationships in the input
data, making it well-suited for music genre classification tasks. Random Forest classifier
merges multiple decision trees to create a more robust model that benefits music genre clas-
sification tasks. In addition, it can help reduce the overfitting problem commonly associated
with individual decision trees. XGBoost and LightGBM are gradient-boosting algorithms
known for their high accuracy and speed. They can also manage large datasets and cate-
gorical variables, which is crucial for music genre classification tasks. Gradient-boosting
algorithms build a sequence of prediction models, such as decision trees, where each sub-
sequent model learns from the errors made by the previous model in the sequence. k-NN
is a non-parametric method used for classification and regression, which measures the dis-
tance between the input and training data points. k-NN can handle high-dimensional and
non-linear data, which makes it a practical algorithm for working with music features. For
example, music data often has many different features, such as tempo, pitch, timbre, and
rhythm, and k-NN can measure the distances between these features to determine which

music pieces are similar. It can also capture the input data’s underlying structure, which

Bhttps://github.com/shankarpandala/lazypredict.
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helps to determine patterns and relationships within the music data. This section discusses

the classifiers used in this study comprehensively.

4.1.1 Multi-layer Perceptron Classifier
MLP [97] is an artificial neural network composed of an input layer, one or more hid-
den layers, and an output layer. Figure 4.1 demonstrates an example structure of an MLP

classifier with a single intermediate layer and five perceptions.

Hidden Layer
Input Layer
(\ IO
\_// Ay . ’
Output Layer

Figure 4.1: Example layout of an MLP classifier.

The input layer receives the input data, which is then processed by the perceptrons in
the hidden and output layers [98]. The hidden layers use activation functions to convert
the input signal, and the output layer assembles the final result. The weights and biases are

adjusted during the training stage using a method such as backpropagation [99] to minimize
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the error between the predicted and actual output. The activation functions in the hidden
layers of an MLP are typically non-linear functions such as “sigmoid”, “tanh - hyperbolic
tangent”, or “ReLU - Rectified Linear Unit”. The purpose of the activation function is
to introduce non-linearity into the model, allowing the MLP to learn complex non-linear

relationships in the data [100]:

* The sigmoid activation function is a commonly used activation function that maps

the input to a value between 0 and 1:

* The tanh activation function is similar to the sigmoid function but maps the input to

a value between -1 and 1:
e —e

1o =5

* The ReLU activation function is a non-linear function that maps the input to zero if

it is negative and to the input value if it is positive:

f(x) = max(0,x)

4.1.2 Random Forest Classifier

Random Forest (RF) is another supervised learning model that integrates multiple deci-
sion trees to create a robust model for many tasks [101, 102, 103]. The idea behind Random
Forest is to develop many decision trees on different subsets of the training data and then
average or vote their predictions to make the final decision [104]. Figure 4.2 exemplifies
a Random Forest classifier flow diagram. The use of multiple decision trees helps to re-
duce the overfitting problem that is typically associated with individual decision trees. It
randomly selects a subset of the features and training data to construct each decision tree.

This process is repeated numerous times, creating a forest of decision trees. During the
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prediction phase, each tree in the forest makes a prediction, and the final output is based on

a majority vote or the average of the predictions from different trees.

Voting / Averaging

Figure 4.2: Structure of a sample Random Forest classifier.

As discussed in Chapter 3, Random Forest also provides a way to measure the signifi-
cance of each feature in the dataset. For example, measuring the decrease in “impurity” or
”Gini importance” [105] when a feature is used to split a node can indicate how important
a feature is to the model. This can be useful in feature selection and comprehending the
underlying relationships in the data. In other words, constructing a decision tree aims to
split the data into two or more homogeneous groups based on a specific feature. The qual-
ity of the split is measured by impurity, which measures how mixed the labels are in each

group; a lower impurity implies a better split. When a feature is used to split a node in a

47



4.1. CLASSIFICATION TECHNIQUES EMPLOYED

decision tree, the decrease in impurity is calculated as the difference between the impurity
of the parent node and the weighted sum of impurities of the child nodes. The importance
of a feature is then calculated by averaging the decrease in impurity over all the trees in the

forest that use that feature.

4.1.3 XGBoost Classifier

XGBoost classifier is a distinct implementation of the eXtreme Gradient Boosting al-
gorithm [106] for classification. It is an effective and efficient machine learning model for
binary and multi-class classification tasks. In the XGBoost classifier, decision trees are
built one at a time and sequentially added to the model. Each tree decreases the error of the
previous tree, and then the outputs of the individual trees are combined to make the final
prediction. A basic algorithm for an XGBoost for music genre classification is presented

below.

1: Create the model with a single decision tree
2: fort=1toT do
3: Create a new decision tree
4: Fit the tree to the gradient of the loss function of the current model
5: Add the new tree to the model
6: Update the model’s predictions
7: end for
8: Apply regularization techniques
9: Majority vote of the predictions from all the trees
10: Use the trained model to make predictions on the test dataset

11: Evaluate the model’s performance using different metrics

In the algorithm above, the model iterates from 1 to 7', where T is the model’s maxi-
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mum number of decision trees. In each iteration, a new decision tree is created and trained
to correct the errors made by the previous trees. In this step, the algorithm computes the
gradient of the loss function of the current model for the training samples. The loss func-
tion measures how well the current model performs on the training set, and the gradient
indicates the direction in which the model needs to be adjusted to reduce the loss. Next, the
new tree is added to the model, and the predictions are updated. This process is repeated
until the maximum number of trees is reached. After the iteration ends, the algorithm ap-
plies regularization techniques to the model to prevent overfitting and improve the model’s
generalization ability. Finally, the model gets the majority vote on the predictions from all
the trees in the model to obtain the final prediction for the input music sample.

XGBoost is highly scalable, making it suitable for large datasets, and it can be paral-
lelized to run on multiple machines. Another benefit of the XGBoost classifier is efficiently
managing missing values, data with different features, and categorical variables. It is widely
employed in many industries due to its high performance and speed in solving various clas-
sification problems, including user identification [107], climate projection [108], financial

forecasts [109], and music genre prediction [110].

4.1.4 LightGBM Classifier

LightGBM is a Gradient Boosting Decision Tree (GBDT) algorithm designed to han-
dle large datasets with numerous features more efficiently than XGBoost [111]. It uses
two novel techniques [8], “Gradient-based One-side Sampling” and “Exclusive Feature

Bundling”:

¢ In traditional decision tree algorithms, each split is created by examining all the data
points in a dataset to find the best-split point. However, the Gradient-based One-
side Sampling technique creates a histogram of each feature’s values. It uses the his-
togram to determine the best-split points, significantly reducing the time and memory

required to create each tree, especially for large datasets.
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* Exclusive feature bundling downsizes the number of features used for each tree by
bundling exclusive features. This approach clusters correlated components together
and only selects one feature per group for each tree, reducing the model’s complexity

and improving efficiency.

Being similar in many ways, XGBoost and LightGBM have some key differences. XG-
Boost uses the traditional greedy algorithm to construct decision trees, which is less effi-
cient and requires more memory than the histogram-based algorithm used in LightGBM,
making LightGBM more efficient and faster than XGBoost. Additionally, LightGBM can
handle categorical variables more effectively, as it can create direct split points for categor-
ical variables, whereas XGBoost requires them to be encoded as numerical values. Light-
GBM has been widely used in the music industry for different tasks, such as quantifying
the music transition [112], popularity prediction [113], and genre recognition [114]. An

instance of a LightGBM algorithm for music genre classification is presented below.

1: Create the model with a single decision tree

2: fort=1toT do

3: Create a new decision tree using the LightGBM algorithm

4: Fit the tree to the gradient of the loss function of the current model using
gradient-based one-side sampling

5: Add the new tree to the model

6: Update the model’s predictions using exclusive feature bundling

7: end for

8: Apply regularization techniques

9: Majority vote of the predictions from all the trees

10: Use the trained model to make predictions on the test dataset

11: Evaluate the model’s performance using different metrics
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4.1.5 K-Nearest Neighbors Classifier

k-NN is a supervised learning model based on the data distribution’s local geometry and
their relative distance measures [115]. It locates the k nearest data points in the feature space
and predicts the class or value based on their majority class or average value, assuming
that similar cases have similar class values [116]. The value of k can be chosen based
on the problem. For example, a smaller value of k will result in more complex decision
boundaries, while a larger value will result in more precise decision boundaries [117]. A
decision boundary is a border or surface that separates the different classes or categories
in the feature space. The k-NN classifier is easy to understand and implement, does not
require a lot of computational resources, and can handle multi-class problems and non-
linear decision boundaries. However, it is sensitive to the scale of the data, and it demands
a large amount of memory to store the training data [118]. A sample algorithm of a k-NN

in genre classification is demonstrated below.

e D

1: Define the number of nearest neighbors (k)

2: Store the feature vectors and corresponding labels in a table or matrix

3: for each instance in the test dataset do

4: Calculate the distance between the instance and all other instances in the
training dataset

5: Select the k-nearest instances from the training dataset based on the calcu-

lated distances

6: Determine the most common label among the k-nearest instances
7: Assign this label to the instance in the test dataset
8: end for

9: Return the predicted labels for all instances in the test dataset

10: Evaluate the model’s performance using different metrics
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Now that we have introduced the base models, we will discuss the ensemble learning
models used in this study. By creating an ensemble of multiple classifiers, each classifier’s
weaknesses can be compensated for by the strengths of others, leading to a more robust
and precise model for music genre prediction. Three popular ensemble approaches were
employed in this research: voting, blending, and stacking models. We discuss these models

in more detail below.

4.1.6 Voting Ensemble

A voting ensemble is an ensemble learning approach that trains multiple models in-
dependently, then uses their predictions based on a voting [119] strategy to make a final

prediction. There are two main types of voting strategies, hard (majority) and soft voting,

1. Hard voting takes the majority vote on the base model’s predictions:

)71- = arg max (COUHt(Bj(?l?) == }’i))
Vi

where X/ is the i’ " input feature vector, B; (x, ) is the predicted class label by the
base model Bj, count() is the function that counts the number of occurrences,
argmax,, denotes the class label that has the highest count of votes, and y; is

the final predicted class.

2. Soft voting assesses the probability of each model’s predictions:

Vi

)?i:argmax< ZB y,|x,>

f,? and the

where B; (yi|%7) is the predicted probability given the feature vector
base model Bj, N is the number of base models, arg max,, denotes the class
label that maximizes the sum of the predicted probabilities, and y; is the final

predicted class.
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The purpose of using a voting ensemble is to enhance the performance of the final model
by mixing the strengths of multiple base models. The voting ensemble can perform better
than its base classifiers if the individual models are diverse enough and make different er-
rors. For example, if all the base models are variations of the same algorithm with different
hyperparameters, their predictions are likely highly correlated, and they probably make
similar errors. In that case, the ensemble may not be able to reduce the overall error rate
significantly. On the other hand, if base models are diverse enough, i.e., some base models
are good at capturing global patterns in the data while others are better at modeling local
details, the ensemble can combine these strengths to achieve better overall performance. In

our study, we used the VotingClassifier'* library and set the voting strategy to soft voting.

4.1.7 Blending Ensemble

A blending ensemble is another ensemble learning technique that combines multiple
models to make a final prediction. It works by training multiple models independently on
the same dataset, then using their predictions as input features to train a final meta-model
which will make the final prediction. The meta-model is trained on the predictions of the
base models rather than the original input features.

For our study, we implemented the blending ensemble method using the Random Forest
classifier as the meta-model. The data is first split into the training set, the holdout set, and
the testing set. Then the base models are trained on the training set and make predictions on
the holdout set. These predictions are then concatenated to train the meta-model. Finally,
the base models make predictions on the test set on which the meta-model makes the final
predictions. As shown below, we have adopted and implemented the blending ensemble

technique in our research.

“nttps://scikit-learn.org/stable/modules/generated/sklearn.ensemble.
VotingClassifier.html.
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: Split X and y into training and testing sets

10:
11:
12:
13:
14:
15:

16:

Split the training set into two parts: X;,q4in and Xpor40u, and their corresponding
labels Ytrain and Ynoraour
Initialize the base models (MLP, RF, XGBoost, LightGBM, k-NN)
for each model in base models do

Train the model on X;,4, and y;,qin

Make predictions on Xp,140us
end for
Concatenate the predictions of base models and create Xy,erq, rain
Initialize the meta-model (RF)
Train the meta-model on Xy,erq, rain a0d Ynoidour
for each model in base models do

Make predictions on Xj.
end for
Concatenate the predictions of the base models and create Xerq,es:
Use the meta-model to make final predictions on Xerq,est

Return the final predictions

4.1.8

Stacking Ensemble

Like blending, the stacking ensemble [11] uses multiple base models and a single meta-

model to make the final predictions. The main difference between blending and stacking is

how the base models are used to make predictions. In the blending ensemble method, base

models are trained on the training set and then used to make predictions on a holdout set.

However, in the stacking ensemble method, the base models are trained on different subsets

of the training data through cross-validation. In particular, for each base model, cross-

validation splits the training data into five folds and trains the model on four of the folds
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while using the remaining fold as a validation set. This process is repeated five times using
a different fold as the validation set. After each cross-validation iteration, the predicted
classes for each instance in the validation set are returned. These predictions are then
combined to create a complete set of predictions for the training data. In the next step,
the base model predictions are stacked and used as input to the meta-model. This property
makes stacking more robust to overfitting than blending. Our adopted stacking ensemble

technique, described below, implements this approach.

1: Split X and y into training and test sets
2: Initialize the base models (MLP, RF, XGBoost, LightGBM, k-NN)

3: for each model in base models do

4: Train the model on Xj,4;, and y;,qin
5: Make predictions using cross-validation with 5 folds
6: end for

7. Concatenate the predictions of base models and create X4 ¢rain
8: Initialize the meta-model (RF)
9: Train the meta-model on X014 1rain and Vs rain
10: for each model in base models do
11: Make predictions on X,
12: end for
13: Concatenate the predictions of base models and create X,e;q zest
14: Use the meta-model to make final predictions on X014 rest

15: Return the final predictions
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4.2 Enhancing Classification with Augmented Features

The augmented features ensemble learning model that we propose is designed to im-
prove the accuracy of classification models in comparison to traditional ensemble learning
methods. The intuition behind this approach is to use the prediction probabilities generated
by base models more effectively. Unlike other ensemble methods, where the meta-model
is trained only on predictions of the base models, the augmented features ensemble extends
the original input features (Step 2) by incorporating the prediction probabilities obtained

from the base learners (Step 1) and makes the final prediction by the meta-model (Step 3),

{ Music Data ’q

| { ; } |

XGBoost LightGBM

as shown in Figure 4.3.

Step 3 Step 2

Prediction
Probability

Prediction
Probability

Prediction
Probability

Prediction
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Probability

Step 1
\

Average )

D Meta-Model

el

Figure 4.3: Structure of our proposed augmented features ensemble model for genre clas-
sification.
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Intuitively we believe that this additional information provides a more comprehensive
understanding of the data and helps to capture complex relationships and patterns that may
not be evident from the original features alone. The augmented features ensemble aims
to provide a more sophisticated representation of the input data that the meta-model can
leverage to make better predictions. The use of prediction probabilities along with the
original features in the augmented features ensemble is expected to produce significant
improvements in the performance of classification models, particularly in situations where
the input data is complex and the relationships between features are not well understood.

With this intuition in mind, we designed and implemented three approaches for our
model. In the first approach, as outlined in section 4.2.1, we utilized an unweighted aver-
age to combine the probabilities generated by the base classifiers. This method took the
average of the probabilities produced by the individual base classifiers without weighting
or adjustment.

The second approach, discussed in section 4.2.2, involved a weighted average. In this
method, we assigned different weights to the probabilities generated by the base classifiers,
depending on their performance on the training data. The idea was to give more importance
to the predictions of base classifiers that had performed better on the training data while
giving less weight to those that had performed poorly.

We used a normalized weighted average in our final approach, described in section 4.2.3.
This method involved normalizing the weights assigned to the prediction probabilities of
the base classifiers. The normalization was done to ensure that all the probabilities gener-
ated by the base classifiers had the same scale and could be fairly compared.

After evaluating the results of these three approaches on the three datasets, our find-
ings indicated that the model with an unweighted average outperformed the other two ap-
proaches in terms of accuracy. Therefore, for this research, we included only the best-

performing approach (unweighted average) results in our findings and conclusions.
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4.2.1 Unweighted Average

The proposed augmented features ensemble involves several steps to improve the ac-
curacy of predictions. The unweighted average approach provides a simple yet powerful
method for combining prediction probabilities from various base classifiers into a single
vector. The general form of the mathematical representation for the unweighted augmented

features ensemble is as follows:

i = fu (concat [7? "N ijl()’i‘?iij)])

—
where X/ is original feature vector for input sample i, P/ (yi|x},B ;) is the vector of
predicted probabilities given the base classifier B; and feature vector X/, N is the

number of base classifiers, fjs() is the meta-model, and yj; is the final predicted class

for the augmented input sample i by the meta-model.

J

For each base model B}, a prediction probability vector f?(y,-|7,-,3 ;) is computed for
the target output y;. This vector has dimensions of 1 x the number of class labels (genres),
representing the probabilities associated with each genre for the given input X/ and the base
model B;. Then, we obtained a sum vector by combining the prediction vectors of each
base model. The sum vector is then divided by the number of base models N to obtain
the average prediction vector. This average prediction vector is then concatenated with the
original feature vector X, resulting in an additional feature for each target class label, as
shown in Figure 4.4. This additional feature provides more information to the meta-model

fum (), ultimately making the final prediction ¥j.
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Input Samples Original Original Augmented Augmented
P P Feature 1 Feature F Feature 1 Feature C
1 01,1 O4,r A1 Ai,c
2 03,1 [0 P Az,1 Az,c
i-1 01_1’1 01_1’1: Ai-l,l Ai-l,C
i Oi,1 O, Ai1 Ai,c
-
Original Features { 1, ..., F } , where F is the number of features.
Augmented Features { 1, ..., C }, where C is the number of classes.

Figure 4.4: Concatenating the augmented features with the original features to create an
augmented dataset.

Implementing the Algorithm

The input data is first divided into training and testing sets in the unweighted augmented
features ensemble. Then, five base models are initialized. These include MLP, Random For-
est, XGBoost, LightGBM, and k-NN. Next, each base model is trained using the training
set, and the predictions are made and verified using cross-validation. The prediction proba-
bilities generated by each base model are collected and averaged across all base classifiers.
This averaged prediction is then combined with the original features of the training set to
form a new feature set called “X_meta_train.” The meta-model is trained on this new fea-
ture set in the next step. The base models are then used to make predictions on the test set.
Again, the prediction probabilities generated by each base model are collected and averaged
across all base classifiers. These averaged predictions are then combined with the original
features of the test set to create “X_meta_test.” Finally, the meta-model uses this new feature

set to make the final predictions:
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: Split X and y into training and test sets

: for each model in base models do

: Average the predictions across all base classifiers

10:
11:
12:
13:
14:

15:

16:

Initialize the base models (MLP, RF, XGBoost, LightGBM, k-NN)

Train the model on Xj,4;,, and y;,qin
Make predictions using cross-validation

end for

Concatenate the averaged probabilities with the original features of the train data
and create X,,.e1q 1rain
Initialize the meta-model (RF)
Train the meta-model on X014 1rain and V;rain
for each model in base models do
Make predictions on Xj.
end for
Average the predictions across all classifiers
Concatenate the averaged probabilities with the original features of the test data
and create X,,erq rest

Use the meta-model to make final predictions on X614 rest

4.2.2

Weighted Average

This approach considers the base models’ performance for making the final prediction.

By doing so, we can better balance the strengths and weaknesses of each base model. Once

the performance scores of each base model have been computed, the weights can be cal-

culated based on a performance metric. For instance, if we select accuracy as the metric,

a base model with a higher accuracy score will be assigned a higher weight. The weights’

purpose is to capture each base model’s relative importance in the final prediction; Assign-
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ing a higher weight will result in a more significant contribution of the base model to the
final prediction. Next, the weighted average is computed by considering the weights given

to each base model. The formula for the weighted average prediction is shown below:

% )

—
x; is original feature vector for input sample i, P} (yi|x7,B;) is the vector of

Vi = fM (Concat [71) X ]T] ZIW]P;(yl’Y??B])
j:

where
predicted probabilities given the base classifier B; and feature vector X, w j 1s the
weight assigned to the base model j, N is the number of base classifiers, f/() is the
meta-model, and y; is the final predicted class for the augmented input sample i by

the meta-model.

In this approach for each base model B;, we first calculate the prediction probability

—

—
P/ (yi|xf,B ;) for the input feature vector X; and target output y;, which is represented as

—

a vector Pj’. Then, we weight each prediction probability vector I?;’ by a weight w; based
on the selected performance metric. In the next step, we compute a weighted sum of the
prediction probability vectors P7 to acquire a single combined prediction probability vector.
Then, the combined prediction vector is concatenated with the original feature vector 7,)
Finally, the concatenated vector is used in meta-model fj;() to make the final prediction y;.

The advantage of this approach is that it can reduce the prediction variance, as it assigns
higher weights to the more accurate models and lower weights to the less reliable ones,
allowing it to balance each base model’s strengths and weaknesses and potentially produce
more robust predictions. Furthermore, this approach is flexible and can be adapted to dif-

ferent performance metrics. For example, if the goal is to reduce false negatives, recall can

be used as the performance metric instead of accuracy.
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4.2.3 Normalized Weighted Average

In the non-normalized weighted average approach, the weight assigned to each base
classifier measures the confidence in its predictions. The larger the weight, the more influ-
ential the prediction of the base classifier is expected to be in the final result. However, this
can lead to an imbalance in the overall prediction if one weight is significantly larger than
the others since the dominant weight can overpower the predictions made by other base
classifiers and cause the final prediction to be skewed toward the prediction made by the

classifier with the highest weight. The equation for this approach is written below:

o
N (o
R — ijlePj’(y,-|x,~,Bj)
Vi = fm | concat | xj | i
Yi—1Wj

—
X/ is original feature vector for input sample i, P/ (yi|x7,Bj) is the vector of

where
predicted probabilities given the base classifier B; and feature vector X, w j 1s the
weight assigned to the base model j, N is the number of base classifiers, f/() is the

meta-model, and y; is the final predicted class for the augmented input sample i by

the meta-model.

In normalized weighted augmented features for each base model B, we first compute
the prediction probability vector }T} (vil X/.B ;) for the target output y;. Then, we weight each
prediction vector ?/ by a weight w; that reflects the importance of the corresponding base
model; The weights w; are non-negative and sum up to 1. Next, We compute a weighted
sum of the prediction vectors I?} and normalize it by dividing it by the sum of the weights.
This vector is concatenated with the original feature vector X Finally, The concatenated
vector is passed through a meta-model fy() that produces the final prediction y;.

Normalizing the weights helps to address the issue of imbalanced weights by ensuring

that the sum of all weights is equal to one, making it also easier to interpret the relative

importance of each base classifier in the final prediction. Furthermore, normalizing helps
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prevent any single weight from dominating the final prediction, which is essential in ensem-
ble learning. In ensemble learning, the goal is to create an overall prediction more accurate

than any individual base classifier prediction.

4.2.4 Comparing Ensemble Methods with Augmented Features Model

Voting, blending, and stacking, in addition to our model with augmented features, are
all ensemble learning methods that aim to improve the performance of a machine learning
model by combining the predictions of multiple base models. However, they differ in how

they use the primary predictions of base models to make the final predictions.

* Voting is a simple ensemble method that does not use a meta-model. Instead, it
aggregates the predictions of multiple individual base classifiers and uses a voting

strategy, such as soft or hard voting, to make the final prediction.

* In blending, the base models make predictions on the same dataset, and then the
predictions are combined for use in a meta-model. Finally, the meta-model is trained

on a holdout set and makes the final predictions.

* In stacking, the base models are trained on different subsets of the dataset, and then
the predictions of the base models are used as features for a meta-model. The meta-

model is then trained on the entire dataset and makes the final predictions.

* In our augmented features ensemble learning, the base models generate additional
features combined with the dataset’s original features. These new features are then

used to train a meta-model, which makes the final predictions.

While stacking and blending are efficient methods utilizing a meta-model, augmented
features ensemble may be considered a more robust and comprehensive approach as it com-
bines original features in the dataset and the average predictions of base models, which
leads to a more extensive feature space. Furthermore, it is useful when base models can

extract different types of information from the dataset. Another possible advantage is our
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model’s ability to handle overfitting, a common problem in machine learning models. Over-
fitting occurs when a model is trained too well on the training data and performs poorly on
the unseen data. Combining the prediction probabilities of multiple base models by utiliz-
ing cross-validation, the augmented features model may reduce overfitting and improve the

prediction performance of the final model, as demonstrated in the next chapter.

4.3 Performance Validation

To assess the performance of the models in this research, we employed cross-validation
with five folds. Cross-validation [13] is a technique used to evaluate the performance of
machine learning models by splitting the data into multiple subsets called “folds.” The
model is trained on distinct subsets of the data and tested on the remaining subset [120].
In the case of 5-fold cross-validation, As shown in Figure 4.5, we divide the data into five
equal parts and train and test the model five times. Each time, one of the five sets is used
as the testing set, and the other four are used as the training set. The results of each test are

then combined to give a general estimate of the model’s performance.

é Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 E
é- - -I-t;;;l;l-(;l-l-l- — -E Test Train Train Train Train
é Iteration 2 é Train Test Train Train Train
é Iteration 3 é Train Train Test Train Train
; Iteration 4 é Train Train Train Test Train
é Iteration 5 E Train Train Train Train Test

Figure 4.5: 5-fold cross-validation to assess the model’s performance.
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Cross-validation is a robust method to evaluate model performance as it uses different
sets of data to train and test a model. It also helps reduce the potential of overfitting and
delivers a more realistic estimate of the model’s performance on unseen data. Shuffling the
data before splitting it into different folds is also essential to avoid data leakage, ensuring
that the data in each fold is a random sample of the whole dataset and that the model is not
trained or tested on the same data.

The performance of a genre classification model, a multiclass classification problem,
is typically evaluated using metrics such as accuracy, micro/macro-averaged precision,
micro/macro-averaged recall, and micro/macro-averaged F1-score [121]. These metrics
are built upon a confusion matrix [122] and assess the model’s performance in predicting
a music piece’s correct class or genre. First, we will introduce the confusion matrix and
its properties, shown in Figure 4.6, and then explain how these metrics are calculated in

multiclass classification.

Actual Values

Positive Negative
(%]
2
ES TP FP
2 £
=
&)
>
k-]
3
2
b=
£
&g
g FN TN
[
Z

Figure 4.6: The structure of a confusion matrix.

The evaluation metrics mentioned above are based on the number of instances classified
correctly or incorrectly. True Positives (TP), True Negatives (TN), False Positives (FP), and

False Negatives (FN) are four such metrics that are commonly used in multiclass classifica-
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4.3. PERFORMANCE VALIDATION

tion for this purpose. By understanding these terms, we can comprehend how well a model

performs and where it might be making mistakes.

» TP: Instances correctly predicted as positive for a given class; the model correctly

classifies the instances that belong to a particular class.

* TN: Instances correctly predicted as negative for a given class; the model correctly

classifies the instances that do not belong to a particular class.

» FP: Instances incorrectly predicted as positive for a given class; the instances that do
not belong to a particular class but are incorrectly classified as belonging to that class

by the model.

* FN: Instances incorrectly predicted as negative for a given class; the instances belong
to a particular class but are incorrectly classified by the model as not belonging to that

class.

Now that we have explained the confusion matrix, we will explain the commonly used
micro/macro metrics for evaluating classification models in more detail. Macro and micro
metrics are two approaches to combine performance metrics for multiclass classification
problems. Micro metrics weight each class based on its frequency in the dataset and give
an overall score that reflects the model’s performance on all classes. In contrast, macro
metrics treat each class equally and provide separate scores for each class. Micro metrics
are commonly used when the goal is to optimize the model’s overall performance, while
macro metrics are used when the goal is to identify the model’s performance for each class.
Additionally, the micro metrics are sensitive to class imbalance, while macro metrics are

less sensitive to this issue.

Accuracy
Accuracy is a global metric that defines the overall percentage of correctly predicted

instances across all classes and often is not calculated using macro or micro metrics, as
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it measures the overall proportion of correct predictions. It is computed by calculating
the ratio of the sum of all true positives and negatives to the sum of all true positives and

negatives and false positives and negatives for all classes.

(TP, +TN;)

1

™A

1

accuracy = —

Y (TP +TN;+ FP;+FN;)
i=1

where C is the number of classes, T P; is the number of true positives for class i, TN;
is the number of true negatives for class i, F'P; is the number of false positives for

class i, and F'N; is the number of false negatives for class i.

Precision
Precision generally represents the model’s ability to avoid false positives. Micro-averaged
precision is a metric that considers both true and false positives, calculated by dividing the

sum of true positives by the sum of all predicted positives for all classes.

micro_precision =

™A

(TPi+FP)

1

1

where C is the number of classes, T P; is the number of true positives for class 7, and

F P; is the number of false positives for class i.

Whereas macro-averaged precision is the average of precision scores for all classes,

demonstrating the model’s performance for each class separately.

e "

C . .
Y. precision;
. . =1
macro_precision = - C

where C is the number of classes and precision; is the precision score for class i.
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Recall

Recall represents the model’s ability to identify all positive instances. Micro-averaged
recall is a metric that considers both true positives and false negatives for all classes. It
is calculated by dividing the sum of true positives by the sum of true positives and false

negatives for all classes.

C
Y Th
micro-recall = - i=1

Y (TP, +FN;)
i=1

where C is the number of classes, 7T'P; is the number of true positives for class 7, and

FN; is the number of false negatives for class i.

On the other hand, macro-averaged recall calculates the average recall score across all

classes, providing insight into the model’s performance for each class individually.

C
Y recall;
=1

macro-recall = = c

where C is the number of classes and recall; is the recall score for class i.

F1-score
F1-score provides an overall measure of the model’s performance by combining a model’s
precision and recall scores. Micro-averaged Fl-score is the harmonic mean of micro-

averaged precision and micro-averaged recall.

2(micro-precision) (micro-recall)
micro-precision + micro-recall

micro-F1-score =

Furthermore, macro-averaged F1-score is a metric that provides a way to evaluate the
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4.3. PERFORMANCE VALIDATION

model’s performance for each class separately by taking the average of the F1-scores for all
classes. It offers insight into the model’s ability to balance precision and recall across all

classes.

C
Y Fl-score;

=1
macro-F1-score = * c

where C is the number of classes and F1-score; is the F1-score for class i.

In our study, we focused on evaluating the performance of different models using the ac-
curacy metric. As discussed, we first split our dataset into five folds using cross-validation.
Once the dataset was divided, we trained and tested the models on each fold. Next, we
calculated the models’ accuracy for each fold, and then, as shown below, we averaged the
accuracies across all five folds to obtain the mean accuracy for each model. The mean ac-
curacy measures the overall performance of each model and provides insight into the most

effective model for the music genre classification task.

- 1 X
accuracy = N Z accuracy;
i=1

where N is the number of folds (N = 5), and accuracy; is the accuracy score for the

fold i.
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Chapter 5

Results and Discussion

This chapter presents the results of our proposed ensemble learning approach and also com-
pares it to other ensemble models and classifiers using various feature selection methods.
The results of our research are presented in eight sections. In the first section, we present
the classification results without using any feature selection method on each dataset; Spo-
tify, TCC_CED, and GTZAN. However, it is also essential to evaluate the performance of
the models when utilizing a feature selection technique. This allows us to understand the
potential benefits of reducing the number of features used and focusing on the most rele-
vant ones. The subsequent sections exhibit the results after using RFE, tree-based, forward,
backward, and bidirectional feature selection techniques, and the best potential approach
for each dataset. Finally, in the last section, we discuss our results in detail, highlight our

research’s most significant findings, and discuss their implications.

5.1 Classification without Using a Feature Selection Technique

First, we compare the performance of the classification models without using a feature
selection technique to understand the performance of the models based on all of the avail-
able features. The tables in this section include information about the execution time in
seconds, the mean accuracy, and the accuracy for five different folds. Table 5.1 presents the
classification results for the Spotify dataset without employing a feature selection method.
The mean accuracy of the models varied from 78.6% to 86.5%, with the augmented features

ensemble model reaching the highest performance among all the models. Meanwhile, the
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k-NN model had the poorest performance, with an accuracy of 78.6%.

Table 5.1: Performance results without using a feature selection technique (Spotify).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Augmented Features | 331.253 0.865 0.859 0.863 0.871 0.866 0.864
Stacking 319.504 0.863 0.853 0.857 0.877 0.870 0.859
Blending 55.666 0.862 0.857 0.860 0.865 0.864 0.864
MLP 223.665 0.808 0.607 0.855 0.902 0.881 0.798
Voting 315.940 0.806 0.603 0.850 0.896 0.876 0.804
LightGBM 3.686 0.801 0.577 0.858 0.897 0.876 0.799
XGBoost 31.306 0.796 0.575 0.843 0.889 0.871 0.800
RF 43.754 0.790 0.597 0.830 0.873 0.862 0.787
k-NN 13.155 0.786 0.699 0.805 0.817 0.818 0.788

Table 5.2 provides an overview of the results obtained on the TCC_CED dataset. The

proposed augmented features ensemble model demonstrated its superior performance again

by attaining mean accuracy of 48.3%. On the other hand, the XGBoost model did not

perform as expected, with a mean accuracy of only 17.9%.

Table 5.2: Performance results without using a feature selection technique (TCC_CED).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Augmented Features | 215.721 0.483 0.468 0.499 0.503 0.461 0.482
Stacking 199.073 0.466 0.462 0.459 0.489 0.460 0.457
Blending 33.796 0.445 0.438 0.440 0.469 0.430 0.445
MLP 124.234 0.389 0.316 0.358 0.412 0.473 0.384
RF 47.028 0.344 0.325 0.243 0.371 0.432 0.351
k-NN 1.145 0.340 0.311 0.315 0.357 0.364 0.351
Voting 194.396 0.240 0.269 0.145 0.199 0.332 0.253
LightGBM 3.105 0.182 0.257 0.109 0.139 0.220 0.186
XGBoost 21.488 0.179 0.253 0.115 0.123 0.211 0.193
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Similarly, Table 5.3 presents the results on the GTZAN dataset. Again, the results reveal
that the augmented features performed the best, with a mean accuracy of 84%, showing an
improvement compared to the second-best performing classifier, the MLP, with a mean ac-
curacy of 81%. Additionally, the augmented features classifier beat the XGBoost classifier

by almost 10%, further highlighting its superior performance.

Table 5.3: Performance results without using a feature selection technique (GTZAN).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Augmented Features | 6.416 0.840 0.800 0.950 0.800 0.900 0.750
MLP 2478 0.810 0.790 0.830 0.780 0.820 0.830
Voting 5.162 0.786 0.780 0.820 0.730 0.770 0.830
Stacking 6.072 0.780 0.750 0.850 0.800 0.700 0.800
Blending 1.583 0.780 0.750 0.900 0.750 0.700 0.800
RF 1.067 0.778 0.780 0.820 0.700 0.770 0.820
LightGBM 0.909 0.760 0.730 0.800 0.730 0.770 0.770
k-NN 0.062 0.754 0.730 0.770 0.680 0.800 0.790
XGBoost 0.737 0.742 0.730 0.790 0.680 0.750 0.760

5.2 Recursive Feature Elimination

We applied RFE to select the most important components (previously discussed in Ta-
ble 3.8) and re-evaluated the performance of the classification models on each dataset. As
shown in Table 5.4, the results indicate that similar to not using a feature selection method,
augmented features achieved the highest mean accuracy of 86.5% among all the classifica-
tion models tested on the Spotify dataset, negligibly outperforming stacking ensemble by
0.02%. However, it beat the well-known voting ensemble by 5.9%. The classification ac-
curacy of the different models on the Spotify dataset ranges from 78.6% to 86.5%, with the

augmented features model having the best performance and k-NN being the least effective.
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Table 5.4: Performance results using RFE (Spotify).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Augmented Features | 340.587 0.865 0.859 0.863 0.871 0.866 0.864
Stacking 311.863 0.863 0.853 0.857 0.877 0.87 0.859
Blending 56.682 0.862 0.857 0.86 0.865 0.864 0.864
MLP 228.702 0.808 0.607 0.855 0.902 0.881 0.798
Voting 318.163 0.806 0.603 0.85 0.896 0.876 0.804
LightGBM 4.407 0.801 0.577 0.858 0.897 0.876 0.799

XGBoost 31.632 0.796 0.575 0.843 0.889 0.871 0.8

RF 43.607 0.79 0.597 0.83 0.873 0.862 0.787
k-NN 13.201 0.786 0.699 0.805 0.817 0.818 0.788

As displayed in Table 5.5, the best-performing model was the one that utilized aug-

mented features. This model achieved a mean accuracy of 48%, significantly higher than

the other tested models. Specifically, the stacking and blending models had a mean accuracy

of 45.2% and 44.6%, lower than the proposed augmented inputs ensemble. Furthermore,

the XGBoost model performed poorly and achieved a mean accuracy of 17.5%, a significant

30.5% lower than the proposed augmented inputs ensemble.

Table 5.5: Performance results using RFE (TCC_CED).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Augmented Features | 193.513 0.480 0.485 0.488 0.489 0.456 0.479
Stacking 178.590 0.452 0.448 0.440 0.483 0.443 0.445
Blending 31.569 0.446 0.451 0.442 0.459 0.439 0.439
MLP 119.077 0.373 0.306 0.355 0.398 0.475 0.329
k-NN 7.754 0.336 0.298 0.303 0.335 0.373 0.370
RF 32.336 0.328 0.305 0.232 0.348 0418 0.338
Voting 176.450 0.229 0.270 0.138 0.190 0.315 0.230
LightGBM 2.540 0.176 0.256 0.104 0.136 0.200 0.182
XGBoost 15.072 0.175 0.258 0.104 0.126 0.198 0.188
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In Table 5.6, it is clear that the augmented features continue to demonstrate superior per-
formance compared to other classifiers. The mean prediction accuracy for this model was
87%, representing a substantial improvement over the second-best classifier, MLP, which
had a prediction accuracy of 79.4%. Furthermore, the augmented features also performed
better than the third-best ensemble model, stacking, which had a prediction accuracy of
78%. The k-NN classifier, on the other hand, had the poorest performance of all the mod-

els, with a prediction accuracy of only 75.6%.

Table 5.6: Performance results using RFE (GTZAN).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Augmented Features | 5.619 0.870 0.850 0.950 0.900 0.900 0.750
MLP 2.479 0.794 0.740 0.870 0.770 0.820 0.770
Stacking 5.444 0.790 0.750 0.950 0.800 0.850 0.600
Voting 4.722 0.788 0.780 0.860 0.710 0.790 0.800
XGBoost 0.674 0.770 0.750 0.830 0.710 0.760 0.800
Blending 1.491 0.770 0.800 0.850 0.750 0.750 0.700
LightGBM 0.784 0.768 0.770 0.840 0.720 0.760 0.750
RF 0.863 0.764 0.780 0.830 0.670 0.750 0.790
k-NN 0.031 0.756 0.720 0.790 0.680 0.790 0.800

5.3 Tree-based Feature Selection

When using the tree-based feature selection (Table 3.9) on the Spotify dataset, as seen
in Table 5.7, the stacking ensemble slightly outperformed the augmented inputs ensemble
and achieved the highest accuracy of 86.8%, the difference between the two models was
only 0.05%, but it was enough to make the stacking ensemble the top model in terms of
accuracy. Additionally, the k-NN classifier achieved the lowest classification accuracy of

78.6%, significantly lower than other models’ performance.
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Table 5.7: Performance results using tree-based feature selection (Spotify).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Stacking 322.476 0.868 0.860 0.865 0.879 0.872 0.863
Blending 56.009 0.865 0.853 0.865 0.876 0.863 0.866

Augmented Features | 341.767 0.863 0.853 0.862 0.873 0.867 0.860
MLP 229.170 0.810 0.616 0.853 0.900 0.882 0.796

Voting 318.017 0.808 0.612 0.853 0.895 0.875 0.806
LightGBM 3.842 0.801 0.577 0.858 0.897 0.877 0.799
XGBoost 31.588 0.797 0.575 0.844 0.891 0.869 0.806

RF 43.289 0.791 0.602 0.830 0.876 0.861 0.785

k-NN 13.229 0.786 0.699 0.805 0.817 0.818 0.788

As observed in Table 5.8, the model with the highest mean accuracy on the TCC_CED
dataset is the augmented features ensemble, with a score of 47.8%, followed by the blend-
ing ensemble with 46.9% mean accuracy. The model with the lowest mean accuracy is
XGBoost, with a score of 17.4%. The performance of the models varies significantly, with
the top-performing models having accuracy scores over 40%, while the lower-performing

models have scores below 30%.

Table 5.8: Performance results using tree-based feature selection (TCC_CED).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Augmented Features | 194.513 0.478 0.466 0.477 0.503 0.457 0.486
Blending 31.603 0.469 0.453 0.481 0.484 0.454 0.471
Stacking 175.163 0.449 0.433 0.454 0.466 0.439 0.451
MLP 118.898 0.386 0.319 0.357 0.420 0.489 0.345
k-NN 7.646 0.339 0.305 0.305 0.342 0.379 0.365
RF 31.825 0.317 0.293 0.237 0.324 0.410 0.323
Voting 172.654 0.230 0.270 0.138 0.193 0.308 0.239
LightGBM 2.572 0.179 0.257 0.107 0.137 0.208 0.187
XGBoost 14.962 0.174 0.256 0.109 0.132 0.184 0.190
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The best-performing model on the GTZAN dataset (Table 5.9) is the augmented features
model with a mean accuracy of 87%. In addition, the proposed model enhanced the mean
accuracy of stacking and blending ensembles by 7% and 8%, respectively. On the other
hand, the classifiers such as RF, LightGBM, XGBoost, and k-NN performed poorly, with

their mean accuracies ranging from 71.2% to 74%.

Table 5.9: Performance results using tree-based feature selection (GTZAN).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Augmented Features 5.633 0.870 0.900 0.900 0.900 0.900 0.750
Stacking 5.490 0.800 0.800 0.850 0.800 0.850 0.700
Blending 1.490 0.790 0.750 0.800 0.700 1.000 0.700
MLP 2.463 0.766 0.750 0.830 0.720 0.750 0.780
Voting 4.737 0.766 0.750 0.820 0.760 0.720 0.780
RF 0.878689 0.740 0.760 0.820 0.630 0.700 0.790
LightGBM 0.815 0.738 0.720 0.760 0.740 0.720 0.750
XGBoost 0.674 0.728 0.720 0.780 0.670 0.720 0.750
k-NN 0.031 0.712 0.690 0.770 0.660 0.670 0.770

5.4 Forward Feature Selection

Table 5.10 presents the results of the genre classification of the Spotify dataset. The
best features were selected using the wrapper method forward feature selection as previ-
ously discussed in Table 3.10. The augmented inputs ensemble achieved a mean accuracy
similar to the stacking and blending ensembles. However, the stacking ensemble slightly
outperformed the augmented inputs ensemble by 0.02%. In addition, the augmented in-
puts ensemble improved the overall classification accuracy by 5.6% compared to the voting

ensemble and by 7.6% compared to the k-NN classifier.
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Table 5.10: Performance results using forward feature selection (Spotify).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Stacking 190.239 0.859 0.844 0.850 0.867 0.867 0.866
Augmented Features | 210.976 0.857 0.845 0.846 0.871 0.863 0.857
Blending 35.285 0.855 0.845 0.844 0.868 0.862 0.855
MLP 95.690 0.803 0.606 0.837 0.895 0.879 0.800
Voting 183.890 0.801 0.601 0.841 0.889 0.872 0.802
LightGBM 3.341 0.793 0.568 0.847 0.889 0.873 0.790
XGBoost 30.977 0.790 0.567 0.840 0.882 0.865 0.798
RF 42.665 0.783 0.588 0.820 0.872 0.858 0.779
k-NN 10.924 0.781 0.687 0.798 0.817 0.817 0.784

On the TCC_CED dataset, as presented in Table 5.11, the augmented inputs ensemble

achieved the best overall classification accuracy at 47.6%. This was 1.8%, 2.8%, and a

significant 24.9% advancement compared to the blending, stacking, and voting ensembles.

However, like before, XGBoost gained the lowest mean accuracy at 17.2%, almost 30%

lower than the augmented inputs ensemble.

Table 5.11: Performance results using forward feature selection (TCC_CED).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Augmented Features | 194.652 0.476 0.464 0.485 0.507 0.443 0.479
Blending 29.943 0.458 0.451 0.478 0.493 0415 0.452
Stacking 164.441 0.448 0.447 0.452 0.460 0.436 0.444
MLP 105.140 0.371 0.307 0.330 0.416 0.476 0.329
k-NN 9.412 0.337 0.311 0.295 0.336 0.363 0.379
RF 33.935 0.327 0.311 0.230 0.339 0412 0.341
Voting 164.627 0.227 0.268 0.133 0.192 0.310 0.232
LightGBM 4.724 0.174 0.253 0.100 0.132 0.203 0.183
XGBoost 17.648 0.172 0.258 0.099 0.127 0.193 0.184
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As illustrated in Table 5.12, while the ensemble learning models, excluding blending,
achieved a mean classification accuracy of 72% on the GTZAN dataset, it was still a notable
drop compared to previous methods (which had an accuracy of around 87%). Furthermore,
the LightGBM and k-NN classifiers struggled to acquire an accuracy of 70% even with
the help of forward feature selection, highlighting the importance of considering multiple

methods and approaches to improve performance.

Table 5.12: Performance results using forward feature selection (GTZAN).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Augmented Features | 4.378 0.720 0.650 0.800 0.750 0.750 0.650
Stacking 4.439 0.720 0.700 0.750 0.850 0.750 0.550
Voting 4.148 0.720 0.760 0.720 0.690 0.700 0.730
MLP 1.057 0.716 0.750 0.720 0.670 0.720 0.720
RF 0.909 0.712 0.760 0.740 0.610 0.700 0.750
Blending 1.368 0.710 0.600 0.850 0.700 0.750 0.650
XGBoost 0.744 0.706 0.730 0.700 0.680 0.680 0.740
LightGBM 0.731 0.696 0.730 0.710 0.670 0.670 0.700
k-NN 0.033 0.678 0.730 0.710 0.590 0.650 0.710

5.5 Backward Feature Selection

The results in Table 5.13 showed that the stacking ensemble was the most accurate
classification model, surpassing all other methods in terms of mean accuracy. The features
selected by the second wrapper method, backward feature selection (Table 3.11), combined
with the stacking technique, resulted in a mean accuracy of 85.9%, slightly lower than
that of the augmented inputs (0.1%) and blending (0.2%) methods. On the other hand, the
voting ensemble demonstrated lower performance with a mean accuracy of 80.1%, making

it the least accurate of all the ensemble learning models considered in the study.
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Table 5.13: Performance results using backward feature selection (Spotify).
Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Stacking 190.924 0.859 0.843 0.848 0.872 0.865 0.868
Augmented Features | 216.332 0.858 0.849 0.854 0.869 0.863 0.858
Blending 34.019 0.857 0.850 0.845 0.871 0.861 0.856
MLP 98.364 0.803 0.600 0.839 0.898 0.879 0.800
Voting 191.449 0.801 0.603 0.843 0.891 0.869 0.800
LightGBM 4.303 0.794 0.570 0.847 0.889 0.874 0.790
XGBoost 34.611 0.790 0.565 0.838 0.885 0.865 0.795
RF 45.220 0.785 0.596 0.820 0.873 0.857 0.778
k-NN 12.310 0.781 0.687 0.798 0.817 0.817 0.784

Employing the backward feature selection technique on the TCC_CED dataset, Ta-

ble 5.14, resulted in the augmented features producing the best results with an accuracy

of 48%. This marks an increase of 3.2% compared to the accuracy achieved by stacking

and blending ensembles and a significant improvement of 24.2% compared to the voting

ensemble.

Table 5.14: Performance results using backward feature selection (TCC_CED).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Augmented Features | 202.789 0.480 0.465 0.503 0.494 0.458 0.480
Stacking 189.671 0.448 0.439 0.452 0.474 0.423 0.449
Blending 32.129 0.448 0.442 0.444 0.481 0.419 0.453
MLP 115.302 0.383 0.314 0.358 0.423 0.469 0.352
RF 41.835 0.353 0.307 0.277 0.393 0.437 0.352
k-NN 1.269 0.341 0.306 0.318 0.355 0.364 0.360
Voting 179.399 0.238 0.273 0.145 0.208 0.326 0.238
LightGBM 3.456 0.178 0.256 0.105 0.134 0.213 0.182
XGBoost 24.082 0.177 0.257 0.112 0.123 0.203 0.193
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Table 5.15 displays the results of the GTZAN dataset, indicating that the base classi-
fiers, such as MLP, RF, k-NN, and LightGBM, performed better than the ensemble learning
models, including the augmented features, blending, and stacking. Despite this, the accu-
racy range of all models is relatively close, with a mean classification accuracy range of
between 70% and 74%. This implies that all models are performing similarly, but the base
classifiers and the voting ensemble were able to outperform the others in this particular

instance.

Table 5.15: Performance results using backward feature selection (GTZAN).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
MLP 2.479 0.748 0.720 0.770 0.760 0.760 0.730
Voting 4.738 0.744 0.730 0.790 0.690 0.730 0.780
RF 0.883 0.730 0.730 0.740 0.650 0.740 0.790
k-NN 0.031 0.718 0.660 0.730 0.670 0.750 0.780
LightGBM 0.736 0.714 0.730 0.740 0.670 0.690 0.740
Augmented Features | 5.514 0.710 0.600 0.800 0.800 0.800 0.550
Blending 1.474 0.710 0.650 0.750 0.800 0.750 0.600
XGBoost 0.674 0.708 0.720 0.780 0.630 0.710 0.700
Stacking 5412 0.700 0.550 0.750 0.850 0.750 0.600

5.6 Bidirectional Feature Selection

In the case of the Spotify dataset, the bidirectional feature selection method showed sim-
ilar results to the traditional forward and backward selection methods. Table 5.16 compares
the results of different ensemble models on the Spotify dataset. The proposed augmented
features ensemble performed the best, with an accuracy of 85.7% in genre classification.
Furthermore, the least accurate classifier was the k-NN model, with an accuracy of only
78.1%, underlining the difference in performance between the augmented features ensem-

ble and the k-NN model, with a gap of 7.6%.

80



5.6. BIDIRECTIONAL FEATURE SELECTION

Table 5.16: Performance results using bidirectional feature selection (Spotify).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Augmented Features | 211.397 0.857 0.846 0.849 0.867 0.864 0.858
Stacking 184.791 0.856 0.841 0.844 0.868 0.866 0.862
Blending 33.505 0.856 0.844 0.846 0.869 0.862 0.857
MLP 95.027 0.807 0.614 0.837 0.901 0.879 0.800
Voting 181.210 0.803 0.609 0.842 0.889 0.871 0.802
LightGBM 3.372 0.793 0.568 0.847 0.889 0.873 0.790
XGBoost 31.150 0.790 0.569 0.838 0.881 0.867 0.797
RF 42.592 0.783 0.588 0.820 0.872 0.856 0.779
k-NN 10.516 0.781 0.687 0.798 0.817 0.817 0.784

The TCC_CED dataset also produced similar results, with the augmented features en-
semble being more precise than other models, successfully classifying the genres 73% of
the time. These findings can be seen in Table 5.17. The newly proposed model improved
the accuracy of the existing blending, voting, and stacking ensemble methods by a margin

of 1%, 1.8%, and 3%, respectively,

Table 5.17: Performance results using bidirectional feature selection (TCC_CED).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Augmented Features | 193.972 0.476 0.464 0.485 0.507 0.443 0.479
Blending 31.586 0.458 0.451 0.478 0.493 0415 0.452
Stacking 177.563 0.448 0.447 0.452 0.460 0.436 0.444
MLP 119.082 0.371 0.307 0.330 0.416 0.476 0.329
k-NN 8.484 0.337 0.311 0.295 0.336 0.363 0.379
RF 31.657 0.327 0.311 0.230 0.339 0412 0.341
Voting 176.030 0.227 0.268 0.133 0.192 0.310 0.232
LightGBM 2.588 0.174 0.253 0.100 0.132 0.203 0.183
XGBoost 15.183 0.172 0.258 0.099 0.127 0.193 0.184
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Utilizing the bidirectional feature selection on the GTZAN dataset (shown in Table 5.18)
to choose a subset of features resulted in the augmented features exceeding other classifica-
tion approaches at 73% and the k-NN model being the least accurate model at 68.2%. Once
again, The proposed augmented features ensemble method improved accuracy, averaging
a 2% increase compared to other ensemble learning models such as blending, voting, and

stacking.

Table 5.18: Performance results using bidirectional feature selection (GTZAN).

Model Time (s) | Mean Accuracy | First-fold Second-fold Third-fold Forth-fold Fifth-fold
Augmented Features | 4.236 0.730 0.750 0.750 0.700 0.750 0.700
Blending 1.302 0.720 0.550 0.800 0.800 0.850 0.600
RF 0.769 0.716 0.730 0.750 0.660 0.710 0.730
MLP 0.988 0.712 0.770 0.700 0.640 0.720 0.730
Voting 3.452 0.712 0.740 0.710 0.700 0.690 0.720
Stacking 4.220 0.700 0.700 0.750 0.650 0.800 0.600
LightGBM 0.721 0.690 0.720 0.670 0.670 0.700 0.690
XGBoost 0.689 0.686 0.710 0.650 0.660 0.680 0.730
k-NN 0.031 0.682 0.730 0.680 0.630 0.640 0.730

Our results demonstrate that using the augmented features ensemble learning model
can significantly enhance the accuracy of classification results, regardless of the utilization
of feature selection techniques. In particular, employing the augmented features model
has significantly impacted classification accuracy among other popular ensemble learning
models. In the TCC_CED and GTZAN datasets, the augmented features model signifi-
cantly improved classification accuracy compared to other ensemble learning models such
as stacking, blending, and voting. On average, the proposed model outperformed these
models by 2.7%, 2.5%, and 24.7% on the TCC_CED dataset and by 4.2%, 4.4%, and 3.7%
on the GTZAN dataset. These results show that using the augmented features ensemble

learning model can substantially benefit classification accuracy.
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5.7 Choosing the Best Technique

The experiments on the Spotify dataset showed that the highest classification accuracy
was achieved using the stacking ensemble with tree-based feature selection, as indicated
in Table 5.19. However, a close examination of the results indicates that the augmented
inputs and stacking ensembles were the most effective classification models for this dataset,

producing almost similar results, with each having the highest accuracy 50% of the time.

Table 5.19: Choosing the best classification approach for the Spotify dataset.

Feature Selection Method Model Time (s) | Mean Accuracy
Tree-based Feature Selection Stacking 322.476 0.868
Without Feature Selection Augmented Features | 331.253 0.865
Recursive Feature Selection | Augmented Features | 340.587 0.865
Forward Feature Selection Stacking 190.239 0.859
Backward Feature Selection Stacking 190.924 0.859
Bidirectional Feature Selection | Augmented Features | 211.397 0.857

The results from the TCC_CED dataset in Table 5.20 show a clear advantage of using
the proposed augmented features for classification compared to other models. The findings
indicate that the proposed model consistently performs better in all cases, regardless of
whether a feature selection method is employed. Furthermore, the results establish that the
augmented features ensemble delivers improved classification accuracy compared to other
models, providing a robust and reliable performance. When analyzing the impact of feature
selection on the results, it can be noticed that using a feature selection technique can result

in a slight decrease in the overall mean accuracy.
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Table 5.20: Choosing the best classification approach for the TCC_CED dataset.

Feature Selection Method Model Time (s) | Mean Accuracy
Without Feature Selection Augmented Features | 215.721 0.483
Recursive Feature Selection | Augmented Features | 193.513 0.480
Backward Feature Selection | Augmented Features | 202.789 0.480
Tree-based Feature Selection | Augmented Features | 194.513 0.478
Forward Feature Selection Augmented Features | 194.652 0.476
Bidirectional Feature Selection | Augmented Features | 193.972 0.476

Similarly, the results from the GTZAN dataset in Table 5.21 showed that using aug-

mented features significantly improved the music genre classification accuracy. Specifi-

cally, the augmented features ensemble achieved the highest accuracy rate in 5 out of 6

cases, outperforming all other ensemble models. Furthermore, the best performance was

achieved by combining the proposed ensemble with RFE and tree-based feature selection,

resulting in an accuracy of 87%.

Table 5.21: Choosing the best classification approach for the GTZAN dataset.

Feature Selection Method Model Time (s) | Mean Accuracy
Recursive Feature Selection | Augmented Features | 5.619 0.870
Tree-based Feature Selection | Augmented Features | 5.633 0.870
Without Feature Selection Augmented Features | 6.416 0.840
Backward Feature Selection MLP 2.479 0.748
Bidirectional Feature Selection | Augmented Features | 4.236 0.730
Forward Feature Selection Augmented Features | 4.378 0.720
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5.8 Discussion

Machine learning has become an increasingly popular approach in recent years, as it
can potentially solve a wide range of classification problems, including music genre clas-
sification. In this context, ensemble learning has shown great promise in enhancing the
accuracy of classification results. Ensemble learning methods combine the predictions of
multiple base models to deliver a more accurate final prediction, and the approach has been
used successfully in various applications. However, while researchers have widely used
ensemble learning techniques, there are still opportunities to improve its performance.

Our study proposes a novel ensemble model that uses augmented features to address this
challenge. The idea behind our proposed ensemble model is to create new sets of features
that incorporate information from the base models in addition to the original feature set,
which is achieved by computing the predicted probabilities for each class from each base
model and then concatenating these probabilities with the original features in the dataset.
The resulting augmented dataset can be used then to train a meta-model and produce a more
accurate final prediction.

Our research shows that using the augmented features ensemble learning model can
significantly enhance the accuracy of classification results, regardless of the utilization of
feature selection techniques. The improvement is particularly evident in the TCC_CED and
GTZAN datasets, where the augmented features model significantly improved classifica-
tion accuracy compared to other ensemble learning models and outperformed them by a
significant margin, demonstrating the effectiveness of our approach.

One possible reason why the augmented features ensemble technique beats other ap-
proaches is that it uses a more sophisticated method to combine the predictions of the base
models. Stacking and blending, for example, average the predictions of the base models,
while voting selects the class with the highest number of votes. Although these techniques
can be effective, they do not include feature augmentation in the training process, which

can limit their ability to capture the underlying patterns and variations in the data. By con-
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trast, the augmented features ensemble technique creates new feature sets that incorporate
information from the base models, allowing the meta-model to learn from the combined
strengths of the base models and potentially capture more complex interactions between
the features and the target variable, resulting in improved classification accuracy, as demon-
strated in our results.

However, it is important to note that there were a few cases where the traditional models
slightly outperformed our proposed ensemble model. This could be due to the fact that
the feature augmentation did not provide any additional beneficial information beyond the
original features. In such cases, the augmented features could add more noise or redundancy
to the dataset, making it more difficult for the meta-model to learn the underlying patterns
and relationships in the data. Therefore, it is essential to carefully evaluate the quality and

usefulness of the augmented features before using them in the ensemble model.
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Chapter 6

Conclusion

This chapter provides an overview of our research results and achievements. We aim to
present the key insights gained from our study and highlight the contributions made to
MIR. Moreover, we will discuss our objectives for future developments and enhancements
to the methodology proposed in this study. We seek to continuously improve the proposed

model and explore new opportunities to expand its applications in other fields.

6.1 Summary and Contribution of the Research

We proposed a new ensemble learning technique, which aims to enhance the feature
representation of a dataset by incorporating the prediction probabilities from its base classi-
fiers. This approach expands the traditional ensemble learning models by adding layers of
information to the input data. Our findings indicated that this technique could significantly
improve the performance of genre classification tasks. To assess the effectiveness of our
proposed approach, we compared it to other popular ensemble methods, such as voting,
stacking, and blending on three music datasets of varied sizes. The datasets included the
Spotify, TCC_CED, and GTZAN datasets. These datasets were carefully picked to rep-
resent a diverse range of music genres and features and were designed to challenge the
performance of other classification models.

In the Spotify dataset, our proposed augmented inputs model achieved a similar predic-
tion accuracy with the stacking ensemble of over 85%, outperforming all other models. This

result demonstrates the augmented inputs approach’s superiority over traditional voting and
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blending methods. Furthermore, for the TCC_CED dataset, the augmented inputs model
outperformed other ensemble and base models and was selected as the best-performing
model with a mean accuracy above 47%. Finally, for the GTZAN dataset, our proposed
model surpassed all other models in several instances and achieved the highest accuracy of
87%.

Our results highlight the significance of the augmented inputs ensemble learning tech-
nique in machine learning and music information retrieval. The results from the experi-
ments conducted in this research demonstrate our approach’s capability to enhance genre
classification tasks’ performance. The findings of this study provide insights into the po-
tential of this technique to improve the accuracy of music genre classification models sig-
nificantly. Moreover, this research contributes to the broader field of ensemble learning by
introducing a novel perspective on integrating additional information into the input repre-
sentation of data. The results from this study suggest that the augmented inputs ensemble
learning technique could be an effective tool for improving the performance of other ma-
chine learning tasks. This research provides a foundation for future work in this area and
highlights the importance of incorporating additional information into the input representa-

tion of data in machine learning models.

6.2 Future Work

In future research, we plan to design and analyze other approaches for combining the
prediction probabilities in our model and verify whether they affect its prediction perfor-
mance. We also intend to expand the scope of our study by applying the augmented inputs
ensemble model to diverse types of datasets beyond just music data. Using different datasets
will allow us to verify the model’s generalizability and effectiveness in dealing with distinc-
tive features. In addition to exploring different datasets, we plan to investigate the impact
of the dynamic selection of base classifiers on the performance of our ensemble model. We

intend to experiment with a broader range of traditional machine learning algorithms and
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newer deep learning models. By doing so, we can compare the effectiveness of different
base classifiers and determine which ones perform best under different circumstances.

Another direction we plan to pursue is to investigate the scalability of our model. As
data proliferates, developing models that can handle large datasets efficiently is essential.
Therefore, we plan to explore strategies for optimizing the performance and computation
time of the augmented inputs ensemble model on large datasets.

Our ultimate goal is to create a robust ensemble model that can adapt to different data
types and improve prediction performance. Furthermore, we can comprehensively under-
stand its capabilities and limitations by thoroughly exploring the model’s generalizability
and effectiveness in dealing with different features and classifiers. This knowledge will be
valuable for future research and practical applications of the augmented inputs ensemble

model, helping unlock its full potential in various fields.
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