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This research applies Decision Tree and Random Forest algorithms for music genre
classification based on audio numerical features such as tempo, energy, loudness,
and valence. The dataset used comes from Kaggle and consists of 7,958 song entries
from eight genres. The data was processed through pre-processing stages that
included duplication removal, empty value handling, normalization, outlier removal,
and class balancing using the SMOTE technique. In the initial test, Random Forest
showed an accuracy of 85%, higher than Decision Tree which recorded 76%. After
hyper parameter tuning using GridSearchCV, Decision Tree's accuracy increased to
79%, while Random Forest experienced a slight decrease to 84%. This decrease does
not reflect a decrease in performance, but rather a more balanced redistribution of
predictions to minor classes, as reflected by the stable F1-score macro value at 0.84.
In terms of efficiency, tuning the Random Forest took much longer (806.81 seconds)
than the Decision Tree (17.42 seconds), indicating that model complexity has a direct
impact on training time. These findings suggest that data quality, tuning strategy and
time efficiency are important factors in building a reliable and balanced music genre

classification system.

This is an open access article under the CC-BY-SA license.

l. INTRODUCTION

Music genre classification approaches utilizing numerical
attributes that represent musical characteristics have been
widely used in machine learning systems. The accuracy in this
classification process not only supports more relevant music
recommendation systems, but can also be used in other fields,
such as interactive music education and automatic music
transcription [1].

This classification process is not free from a number of
challenges. One issue that often arises is the uneven amount
of data in each genre, where some genres have a much larger
number of samples than others. In addition, the presence of
outlier values as well as complex and not always linear
relationships between features are obstacles for the model in
recognizing patterns correctly. Some features also have very
diverse value distributions and high correlations between each
other, which can affect the overall performance of the model.
To overcome this, appropriate data pre-processing steps are
needed so that the model can learn relevant information and
produce accurate genre predictions.

Another challenge in performing music genre classification
lies in choosing the right algorithm. Decision Tree, for
example, has the disadvantage of having a tendency to overfit
the training data if the model parameters are not set correctly.
Meanwhile, Random Forest, which is structurally more
complex, can produce more stable predictions, but requires
longer training time and more careful parameter tuning for
optimal performance. Without a good tuning process, both
algorithms can result in low classification accuracy,
especially when the model is not properly tuned when dealing
with data that is unbalanced or has a high variation in features.

In this research, the genres that are the focus of
classification consist of eight categories, namely blackmetal,
comedy, gospel, grindcore, j-idol, samba, study, and tango.
Each genre has unique characteristics and a nonuniform
amount of data, which adds to the difficulty of building an
accurate model. Therefore, pre-processing steps such as
removing duplicates, balancing class distribution, data
normalization, and outlier detection become an important part
of the model building process.
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In addition to pre-processing, hyperparameter tuning plays
a vital role in optimizing model performance.
Hyperparameters, such as tree depth, minimum samples per
split, and number of estimators, significantly influence how
well a model learns from the data. Improper settings can lead
to overfitting or underfitting, especially on datasets with class
imbalance or high feature variation. Therefore, this study
places particular emphasis on evaluating how tuning affects
the performance of Decision Tree and Random Forest
algorithms in genre classification tasks.

Taking these constraints into consideration, this research is
directed to examine and compare the performance of Decision
Tree and Random Forest algorithms in the task of music genre
classification, both before and after hyperparameter tuning.
The evaluation is conducted to observe the extent to which
improvements in the preprocessing and parameter tuning
stages can improve the accuracy of the model in recognizing
genres based on numerical features. This approach is expected
to provide a clearer picture of the effectiveness of each
algorithm in dealing with complex and varied genre
classification problems.

In line with the challenges in music genre classification, a
number of previous studies have evaluated the effectiveness
of machine learning algorithms in solving this problem. Music
Genre Classification Using Random Forest Model, Journal of
Information and Computer Technology used the Random
Forest algorithm to predict genres based on numerical
attributes and obtained an accuracy of 72%. This result shows
that Random Forest is quite reliable in handling numerical
feature variations, although its performance can still be
improved through parameter optimization [2]

A Sparrow Search Algorithm (SSA) based optimization
approach was developed to improve the performance of
Random Forest. Test results showed an accuracy of 79.78%
on test data, indicating that this optimization method is able
to explore model parameters more effectively [3]. Meanwhile,
a study combined using Short-Time Fourier Transform
(STFT), and achieved an accuracy of 86%. This finding
proves that spectral features can strengthen the representation
of musical characteristics in the classification process [4].

In contrast, a study that employed MFCC features with the
K-Nearest Neighbour algorithm for music genre classification
achieved an accuracy of 80%, emphasizing that classification
performance is highly influenced by feature selection and
model choice. This also suggests that simpler models may
require additional optimization steps to perform effectively on
complex audio datasets [5]. The effectiveness of combining
feature selection with hyperparameter tuning in improving
Random Forest performance has been demonstrated, as
reflected in the increase of the ROC-AUC score from 0.909
t0 0.913 [6].

In comparison, a study evaluated the performance of
Decision Tree and Random Forest algorithms in data
classification using confusion matrix as a measurement tool.
Although the context is not directly related to music genres,
the results show that Random Forest produces higher

accuracy than Decision Tree, which is 86.45% versus
84.30%. This difference is also reflected in the F1-score,
where Random Forest recorded 90.2% while Decision Tree
obtained 88.8%. These findings confirm that Random Forest
tends to provide more stable and accurate classification
results, especially on data with complex feature distributions
[71.

From these studies, it can be concluded that Random Forest
is a consistent and effective algorithm in genre classification
tasks, especially when supported by relevant features and
proper tuning. On the other hand, Decision Tree has
advantages in terms of interpretability, but requires additional
approaches in order to achieve sufficient accuracy. Therefore,
this study attempts to review the effectiveness of both
algorithms in the context of music genre classification based
on numerical features.

Il. METHODS

This research was conducted through a number of stages
arranged systematically as shown in Figure 1, with the aim of
classifying music genres using Decision Tree and Random
Forest algorithms. The stages began with the data collection
process, followed by preprocessing which included data
cleaning, normalization, and class distribution balancing.
Once the data is prepared, both models are built and trained,
followed by hyperparameter tuning to improve model
performance. Evaluation is done using metrics such as
accuracy and fl-score. In the final stage, the model results
before and after tuning are compared to see the impact of
tuning on classification performance and determine the
algorithm that gives the best results.

Dataset Data Model
Collection Preprocessing Construction

Model Comparison Hyperparameter
Evaluation Tuning

Figure 1 Research Overview

A. Data Collection

This research began with the data collection stage, which
utilized a dataset titled Music Genre Classification obtained
from the Kaggle platform
(https://mww.kaggle.com/datasets/purumalgi/music-genre-
classification). The dataset contains over 114,000 song entries
with various numerical features such as danceability, energy,
loudness, tempo, and valence, along with genre labels as the
classification target. For this study, a subset of the data
consisting of eight specific genres was used, namely black-
metal, comedy, gospel, grindcore, j-idol, samba, study, and
tango. These genres were chosen as the sole focus of the
classification task, and only entries belonging to these genres
were included in the modeling process. Each genre contains
approximately 993 to 997 songs, indicating that the data is
relatively balanced across classes, although further balancing
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techniques were still applied to ensure equal representation
during training.

B. Data Preprocessing

The preprocessing stage is carried out to prepare the data
before the model training process. The steps taken at this stage
include:

1) Removal of Irrelevant Columns: In the initial stage
of preprocessing, columns that are considered irrelevant to the
classification process, such as track_id, track_name, artists,
album_name, album_release_date, popularity, as well as time
columns such as duration_ms, are removed because they do
not have a direct contribution to the determination of song
genres or are unique identities that cannot be generalized. For
example, track_name and artists are string data that are
specific to each song and do not reflect musical
characteristics. Meanwhile, track_id only serves as a marker
and cannot be used as a predictive feature. The removal of
these columns aims to reduce data complexity, avoid
redundant or noise features, and ensure that the model is only
trained using attributes that have informative value for the
music genre classification process. By leaving only numerical
features that describe song characteristics such as
danceability, energy, acousticness, and others, the model can
be trained more focused and efficient.

2) Checking and Handling Blank Values: This check is
important to ensure that there are no missing entries that could
interfere with the model training process. In this research, the
validation process is performed using the ?° value search
method as well as the null check function on all data columns.
The check results show that the dataset does not contain
empty values or symbols that represent missing data.
Therefore, no imputation or value replenishment process is
required at this stage. The clean data condition from missing
values allows the next preprocessing process to run more
efficiently and ensures that the model is trained on complete
and consistent data.

3) Deleting duplicate values: The presence of
duplicates in the data can cause bias in model training, as
machine learning algorithms can overadjust to repeated data,
thus decreasing the generalizability of the model to new data.
In this study, the duplication detection process is performed
using the drop_duplicates() function on the DataFrame. As a
result, 11,013 rows of duplicated data were found from a total
of more than 114,000 initial entries. These entries were then
removed to maintain data integrity and avoid
overrepresentation of certain genres or features. The removal
of duplicates is important so that the data distribution
becomes more valid and is not dominated by the same
samples, so that the model training process can take place
fairly and accurately.

4) Outlier Detection and Handling: An outlier is
defined as data that exhibits characteristics that differ
significantly from the characteristics of other data in its group.

Outliers may occur for a variety of reasons, including
measurement errors, infrequent events, or other unanticipated
factors [8]. In this study, outlier detection is performed using
the Interquartile Range (IQR) method, where a value is
considered an outlier if it is below Q1— 1.5% IQR or above Q3
+ 1.5 x IQR. Figure 3 shows the boxplots for each feature
before outlier handling. It can be seen that some features such
as duration_ms, loudness, speechiness, tempo, and liveness
have many outliers as indicated by dots outside the whisker
boundaries on the diagram. For example, speechiness shows
quite extreme outliers on the upper side, while loudness has
extreme values on the lower side. To improve the distribution,
outliers are handled by clipping to the lower and upper bounds
of the IQR, so that values that exceed the threshold are
replaced with the maximum or minimum allowed. With this
method, the data is not discarded, but corrected so that the
model can learn a more stable distribution. The results after
outlier handling are shown in Figure 4, where the boxplots of
each feature become more symmetrical and no longer have
extreme outliers.

Figure 3 after outlier
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A comparison between Figure 2 and Figure 3 shows that the
data distribution has become more even and ready to be used
in the model training process.

5) Genre Label Encoding: After the numerical data is
prepared and the outliers are dealt with, the next step is to
convert the target label (track_genre column) from categorical
form to numerical form. This is done because machine
learning algorithms such as Decision Tree and Random Forest
can only process data in numeric form. This process is done
using Label Encoding, where each genre is given a unique
numeric representation. For example, the black-metal genre
can be labeled 0, comedy becomes 1, and so on until tango
becomes 7. Thus, genre labels that were originally text strings
are converted into numerical representations between 0 and 7.
This process is important so that the model can recognize each
class as a distinct category without considering it a continuous
variable.

6) Normalization of Numeric Features: This process
aims to prevent large-scale features from dominating small-
scale features [9]. Although algorithms such as Decision Tree
and Random Forest are not very sensitive to scale,
normalization is still performed to make the data distribution
more uniform and the training process more stable.
Normalization is performed using the StandardScaler method,
which standardizes features in the dataset so that they have a
uniform scale [10] by changing each feature to have a mean
of 0 and a standard deviation of 1 [11]. This method is
effective for equalizing the scale between features that were
initially highly varied, such as the duration_ms feature, which
has values in the hundreds of thousands, compared to the
acousticness feature, which ranges from 0 to 1. After this
process, each feature will be on a uniform scale, supporting a
more balanced and efficient model learning process.

7 Class Balancing: The selected genres had a
relatively balanced amount of data in the initial subset
(approximately 993-997 songs per genre), but the process of
dividing the data into training and test data using
train_test split caused an imbalance to reappear in the
training data. This occurred because the data division process
was performed randomly without explicitly maintaining class
proportions. To address this issue, this study uses the SMOTE
(Synthetic Minority Over-sampling Technique) technique.
SMOTE is a resampling method that aims to balance class
distributions. It takes samples from the minority class and
adds synthetic samples to increase the amount of data in the
minority class [12]. One advantage of SMOTE is that there is
no loss of information within a class because there is no data
reduction process. Additionally, SMOTE gives the minority
class a greater chance of being studied, thereby improving its
classification accuracy. Thus, classes with fewer instances are
increased to achieve a balanced proportion with other classes,
without the risk of overfitting due to data duplication.
SMOTE was applied specifically to the training data, while
the test data was left in its original state to ensure that the
evaluation results reflect the model's generalization ability

against the actual data distribution. After applying SMOTE,
all genre classes in the training data have a balanced number
of instances, enabling the Decision Tree and Random Forest
algorithms to be trained fairly without bias toward the
majority genre. This class balancing is an important step in
improving the accuracy and stability of the classification
model being built.

C. Model Construction

This stage explains the process of building a classification
model using two supervised learning-based machine learning
algorithms, namely Decision Tree and Random Forest. Both
are methods that use a decision tree structure and are often
used in solving classification problems.

Decision Tree Algorithms make decisions by splitting data
into branches based on the most informative features[13].
Typically, feature selection is done using measures such as
Gini Impurity or Information Gain to determine the best
attributes for each split [14] This process of tree formation
proceeds incrementally from the root of the tree until the data
reaches a terminal state or a set depth limit. The main
advantage of this algorithm is the ease of interpretation as the
decision path can be traced from the root to the leaf nodes.
However, a single decision tree has the risk of overfitting if
parameters such as tree depth are not configured
appropriately.

Random Forest is an extension of the decision tree
algorithm that combines multiple decision trees randomly into
a single prediction model that is more stable and accurate
[15]. This ensemble technique builds hundreds of trees
randomly, then generates a final prediction through voting for
classification or averaging for regression. Each tree is
constructed by selecting random samples from the training
data set. Each split selection at each node of the tree uses a
random subset of features [16]. This approach makes Random
Forest more resistant to overfitting and more effective in
recognizing patterns in data with complex and nonlinear
structures. Therefore, the algorithm is widely used in various
classification tasks, including music genre classification
based on numerical data.

D. Hyperparameter Tuning

Hyperparameter tuning is the stage of adjusting parameters
to get the best value [17]. In this research, the tuning
performed using the GridSearchCV technique a
hyperparameter optimization method used to determine the
most optimal combination of hyperparameter values. The grid
search method essentially involves testing all relevant
parameter combinations in order to find the most effective
parameters to improve model performance. For the Decision
Tree model, the adjusted parameters include max depth, min
samples split, and min samples leaf, with the best
configuration found to be max depth = 10, min samples split
= 2, and min samples leaf = 4. As for the Random Forest
model, tuning was conducted on similar parameters, with the
addition of n_estimators, and the best combination obtained
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was n_estimators = 300, max depth = None, min samples split
=5, and min samples leaf = 1.

GridSearchCV works by trying each combination of values
of these parameters and evaluating them using an accuracy
metric on the validation data. This process is performed on
the training data to avoid information leakage from the test
data. Once the tuning is complete, the best model from each
algorithm is selected based on the highest accuracy score
obtained during the search process. The tuned model is then
retested on the test data to find out how much the performance
improvement is compared to the initial model. The results of
the tuning process showed that parameter tuning had a
significant impact on Decision Tree, which experienced a
greater increase in accuracy than Random Forest. This
confirms that simpler models such as Decision Tree rely
heavily on proper parameter settings in order to provide
optimal results.

E. Model Evaluation

Model evaluation aims to determine the extent to which the
algorithm built is able to classify data correctly. In this
research, the performance of the model is evaluated using a
number of common classification metrics, namely accuracy,
precision, recall, and f1-score. Each of these metrics provides
a different perspective in assessing the quality of the model's
predictions, especially when used on multi-class data such as
music genres.

Before calculating the evaluation metrics, it is necessary to
first understand four basic terms that are commonly used in
the analysis of classification results. True Positive (TP) refers
to the amount of data that is correctly predicted as a member
of a positive class by the model, where the prediction matches
the actual condition [18]. True Negative (TN) indicates the
amount of data that is correctly predicted as not belonging to
a class, in accordance with the actual conditions [19].
Meanwhile, false positive (FP) occurs when the model
incorrectly predicts data as belonging to a class, even though
the data is not actually part of that class [20]. Conversely, a
false negative (FN) occurs when the model fails to detect data
that should be included in the positive class, and instead
classifies it as negative [21]. These four components form the
basis of various model evaluation formulas, including the
calculation of accuracy.

Accuracy measures the proportion of correct predictions to
the entire amount of test data. The accuracy formula is written
as:

TP + TN + FP + FN
TP + TN

However, accuracy alone is often not enough, especially
when the amount of data between classes is not balanced.
Therefore, precision and recall metrics are also used.
Precision shows how precise the model is in classifying a
class:

Accuracy =

TP + FP

P .. —
recision TP

Meanwhile, recall measures the model's ability to detect all
data that should belong to that class:

TP + FN
Recall = ————

To provide a balanced assessment between precision and
recall, f1-score is used, which is the harmonic mean of the
two:

Precision + Recall
Recall

All these metrics are calculated for each class and then
averaged using the macro average method to give equal
weight to all classes. In addition to the numerical evaluation,
the confusion matrix is also used as a visualization that
illustrates the classification error between classes. Through
this matrix, the distribution of correct and incorrect
predictions can be seen more clearly, thus helping to evaluate
the weaknesses and strengths of the model against the data
structure used.

F1 — Score = 2x

I11. RESULT AND DISCUSSION

This research focused on eight music genres that were
selectively chosen for classification purposes. These genres
were chosen based on the relevance and diversity of audio
characteristics between genres. The goal was to maintain an
adequate balance of data in each class as well as ensuring the
model was able to learn from the varied genre representations.
Prior to the model building process, an initial analysis of the
relationship between numerical features was conducted
through the visualization of a correlation heatmap as shown
in Figure 4.

Heatmap Korelasi
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Figure 4 Heatmap Correlation

This heatmap provides an overview of the strength and
direction of the relationship between features, including their
relation to the genre label (track_genre). It can be seen that
features such as energy, danceability, acousticness, and
valence show a relatively strong correlation with genre, both
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in positive and negative directions. Meanwhile, features such
as key and mode have very weak correlations, indicating
minimal information contribution in the classification
process. This analysis serves as a starting point in
understanding the role of each feature as well as a reference
for the next preprocessing and modeling stages.Before
building the model, the class distribution of the training data
was analyzed. Following the preprocessing step, the class
distribution of the training data was evaluated.

Distribusi Kelas Sebelum SMOTE (Data Training)
59 880 807 86 969

black-metal
comedy
grindcore

Kelas Target

Figure 5 distribution before SMOTE

Figure 5 shows the number of samples for each genre
before applying the SMOTE technique. In general, the eight
genres selected have a fairly balanced amount of data, ranging
from 882 to 909 entries. However, even though the class
distribution appears quantitatively balanced, it does not mean
that each genre is clearly separated in the feature space formed
by audio characteristics such as danceability, energy, and
loudness.

. Distribusi Kelas Setelah SMOTE (Data Training)

black-metal
comedy
gospel
grindcore
Jidol
samba
study

tango

genre

Figure 6 distribution after SMOTE

After the application of SMOTE, the class distribution in
the training data becomes completely balanced, as shown in
Figure 6. Each genre has the same number of samples, which
is 909 entries. This balance aims to eliminate classification
bias towards genres that previously had less data, so that the
model can learn the representation of each class equally. With
this uniform distribution, it is expected that the model training
process will be fairer and able to increase the model's
sensitivity to minority classes. However, it is important to
note that even if the distribution is numerically balanced, the
potential ambiguity between classes as described earlier can
still affect the formation of optimal decision boundaries in the
feature space.

Based on the data that has been thoroughly processed,
including normalization, class balancing, and data cleaning,
the initial stage of Decision Tree and Random Forest models

were built using standard parameters with no additional
tuning. Training is performed on data that has been fully pre-
processed. The results of this process served as the baseline
performance which was then used as a comparison to assess
the performance improvement after tuning.

Confusion Matrix - Model 1 (Random Forest) 100

black-metal 0 1 1a o 0 o 1

comedy 2l

80

gospel 0

60
grindcore {14

True label

Jidol 3

a0

samba [

study 0

tango

back-metal
comedy
gospel
grindcore
Fidol
smba
study
ango

Predicted label

Figure 7 confusion matrix random forest before tuning

Figure 7 shows the confusion matrix for the Random Forest
model. Most of the predicted values are on the main diagonal,
indicating that the model is able to map song genres
consistently. Genres such as study and comedy were classified
correctly in almost all instances. However, there are still some
errors, for example in the samba genre which is sometimes
predicted as gospel. Meanwhile, Figure 6 shows the confusion
matrix of the Decision Tree model.

100

Confusion Matrix - Model 2 (Decision Tree)

black-metal

80

comedy

gospel

60

grindcare

True label

fridol

40

samba

study

o
w
o

tango

black-metal
comedy
gospel
grindcore
ridol
samba
study
tango

|

a

Predicted label

Figure 8 confusion matrix decision tree before tuning

Unlike the Random Forest, Figure 8 shows decision tree
has more misclassification between genres. For example, the
blackmetal genre is misclassified as grindcore several times,
and the tango genre tends to be predicted as samba. This
indicates that Decision Tree is more susceptible to complex
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data variations because it relies on only one tree structure
without a voting process as in Random Forest.

Classification Report:

precision recall fl-score support

black-metal 2.50 8.52 a.81 88
comedy 8.92 2.8 a.85 1@3
gaspel 2.8@ 8.83 a.81 185
grindcore 2.85 8.85 a.85 1@3
j-idol a.87 @.82 a.84 88
samba 8.8 a.581 a.88 111

study 8.96 @.95 8.95 111

tango a.77 a.89 a.82 87
accuracy @.85 796
macro avg a.85 a.84 @.84 796
weighted avg 8.85 8.85 9.85 796

Figure 9 clasification report random forest before tuning

Figure 9 shows the classification report of the Random
Forest model before hyperparameter tuning. The model
recorded an overall accuracy of 85%, with a macro average
fl-score of 0.84, and average precision and recall of 0.85 and
0.84 respectively. These results show that the model has a
fairly balanced performance across almost all genre classes.
Genre. The highest performance is shown by the study class,
with an equally high precision and recall of 0.96 and 0.95,
resulting in an fl-score of 0.95. Other genres that also
performed well were comedy and j-idol, with f1-score of 0.85
and 0.84 respectively. Meanwhile, genres such as black-metal
and gospel were in the f1-score range of 0.81, while the lowest
scoring genres were samba (0.80) and tango (0.82).

Classification Report:

precision recall fl-score support
black-metal 8.71 a.78 8.71 88
comedy 8.82 a.79 8.80 183
gospel 8.69 8.7@ 8.7@ 185
grindcore 8.79 @.83 8.81 183
j-idol 9.78 .72 @.75 88
samba 9.68 a.62 @.85 111
study 8.93 a.98 @.91 111
tango 9.66 a.7%9 @.72 87
accuracy a.78 796
macro avg a.76 a.76 a.76 796
weighted avg 8.76 @.76 8.76 796

Figure 10 classification report decision tree before tuning

Meanwhile, Figure 10 displays the classification report of
the Decision Tree model. This model recorded an overall
accuracy of 76%, with a macro average f1-score of 0.76, and
the same average precision and recall values of 0.76. These
figures show that Decision Tree's performance is still
relatively moderate, especially when compared to Random
Forest which has previously shown more stable results. The
genre that showed the highest performance in this model was
study, with a precision of 0.93, recall of 0.90, and f1-score of
0.91. Other genres such as grindcore and comedy also
performed quite well, with fl-score 0.81 and 0.80,
respectively. However, the model's performance tended to
decline in some other genres. For example, samba only
recorded an fl-score of 0.65 with a fairly low precision of

0.68, while gospel and tango recorded f1-score of 0.70 and
0.72 respectively. Overall, this classification report shows
that while the Decision Tree is able to classify some genres
quite well, it still struggles to handle genres with uneven
feature distribution. This indicates that without additional
parameter tuning, the single tree structure of the Decision
Tree is not optimal for capturing the complexity of data across
classes.

o Perbandingan Akurasi Model Sebelum Hyperparameter Tuning

0.85

0.8

0.6 1

Akurasi

0.4 1

0.2 1

0.0-

Random Forest Decision Tree

Figure 11 Model accuracy comparison before hyperparameter tuning

The accuracy comparison of the two models is visualized
in Figure 11, Random Forest's performance is consistently
higher, while Decision Tree is about eight percentage points
below it, illustrating a significant performance gap before
tuning is performed.

To optimize model performance, hyperparameter tuning
was conducted using GridSearchCV with a predefined
parameter grid. For the Decision Tree model, the tuning
included max_depth, min_samples_split, min_samples_leaf,
and criterion, while for the Random Forest model, it covered
n_estimators, max_depth, min_samples_split,  and
min_samples_leaf. GridSearchCV performed an exhaustive
search across all parameter combinations using 3-fold cross-
validation. The tuning process required 17.42 seconds for the
Decision Tree and 806.81 seconds for the Random Forest.
The longer duration in Random Forest is due to its ensemble
nature, which involves training multiple decision trees in
parallel across parameter sets. This structure, while
computationally heavier, offers higher stability through
variance reduction and better generalization by averaging
outputs from multiple trees, making it less sensitive to noise
and outliers compared to a single-tree model.

After the hyperparameter tuning was completed, both
models exhibited varying degrees of performance
improvement. The Decision Tree model, in particular,
showed notable gains, with accuracy increasing from 76% to
79%, and the macro average F1-score rising from 0.76t0 0.78.
This suggests that even limited adjustments to parameters
such as max_depth, min_samples_split, and
min_samples_leaf can enhance the model's ability to handle
more complex patterns. On the other hand, the Random Forest
model, which had already demonstrated stable and high
baseline performance, benefited less significantly from
tuning. This indicates that the ensemble’s initial configuration
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was already well-suited for the classification task, possibly
due to its inherent ability to generalize and reduce variance.
Classification Report:

precision recall fl-score  support
black-metal 8.80 2.8 8.8 88
comedy .94 8.80 8.86 183
gospel 8.77 9.85 9.81 185
grindcore 2.584 8.85 8.85 183
j-idol 2.86 a.78 @.82 B8
samba a.79 3.3 .79 111
study a.9s6 @.95 @.95 111
tango a.79 3.389 @.383 87
accuracy @.84 796
macro avg @.534 a.54 a.54 796
weighted avg .84 8.84 8.84 796

Figure 12 Classification report of random forest after hyperparameter tuning

After the hyperparameter tuning process, the Random
Forest model produces the best parameter combination
consisting of a max_depth value of None, n_estimators of
300, min_samples_split of 5, and min_samples_leaf of 1. The
model accuracy decreased slightly from 85.1 percent to 84.0
percent, but the F1-score macro value remained stable at 0.84.
This decrease in accuracy does not indicate a decrease in
performance, but rather reflects a more even distribution of
predictions across genres. Genres such as tango and gospel,
which previously had lower evaluation scores, showed an
improvement in recall. On the other hand, genres that had high
performance from the beginning, such as study and comedy,
still showed consistent performance. This balance of
performance between classes can be observed through the
classification report shown in Figure 13.

Classification Report: o

precision recall fl-score  support
black-metal a.77 a.75 8.76 88
comedy a.83 a.79 8.81 183
gospel a.72 a.75 8.73 185
grindcore 8.88 @.83 8.82 183
j-idol a.73 a.78 @8.75 88
samba a.72 @.66 @.69 111
study 8.94 @.94 9.94 111
tango a.78 a.78 @.78 a7
accuracy a.79 796
macro avg a.78 a.79 8.78 796
weighted avg a.79 a.79 8.79 786

Figure 13 classification report of decision tree after hyperparameter tuning

In contrast, the Decision Tree model showed a more
noticeable improvement after tuning. With optimized
parameters (max_depth=10, min_samples_split=2,
min_samples_leaf=4), the accuracy increased from 76% to
79%, and the macro F1-score rose from 0.76 to 0.78. This
confirms that tuning has a greater positive impact on simpler
models with higher sensitivity to parameter configuration.
Genres like grindcore and comedy improved their F1-scores
to 0.82 and 0.81 respectively.

Confusion Matrix - Model 1 (Random Forest) (Tuned)

black-metal 100

comedy - 1

80
gospel- 0O

1
3
4
— grindcore - 14 0 0 1 0 0 1] 60
2
4 jidol - 3 0 12 1 II=II 3 0 0
- 40
samba- 0 3 8 0 3 0 8
study- 0 0 0 0 1 0] 5 -20
tango- 0 1 2 0 0 3 4 “
I | | | | i | -0
E & z g 2 2 g &
[7] 1] @ g = [ =1 =
E E g = = 3 # &
= 8 E
= &
]

Predicted

Figure 14 confusion matrix of random forest after hyperparameter tuning

Figures 14 and 15 display the confusion matrices after
tuning for both models. In the Random Forest matrix,
although minor misclassifications still occur in genres like j-
idol and gospel, most predictions align closely with the true
labels along the diagonal. Meanwhile, the Decision Tree
matrix shows reduced misclassifications in genres such as
samba and tango, indicating more refined decision
boundaries, though some overlap between similar genres
remains.

Confusion Matrix - Model 2 (Decision Tree) (Tuned)

black-metal 100

comedy -

gospel - 2

grindcore - 14

Actual

jidol- 4 2 ] 1 ﬂ 3 0
- 40
samba- 0 10 9 1 11 2
study- 0 1 0 0 0 1 -20
tango -

N
-~
- o
jidol = ™

black-metal =~ <
comedy
gospel
grindcore
samba - Y
study -~ ¥
tango -H w w = o w w -

Predicted

Figure 15 confusion matrix of decision tree after hyperparameter tuning

Figure 16 shows the accuracy comparison between
Random Forest and Decision Tree after the hyperparameter
tuning process. Random Forest still shows the highest
accuracy of 84 percent, while Decision Tree increased to 79
percent. Although the difference in accuracy between the
models is still visible, the tuning managed to narrow the gap.
This suggests that parameter tuning has a greater impact on
models with lower complexity. At the same time, the shift in
Random Forest's performance also indicates a redistribution
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o Perbandingan Akurasi Model Setelah Hyperparameter Tuning

0.8 4

0.6 1

Akurasi

0.4

0.2 1

0.0 -

Random Forest

Decision Tree

Figure 14 accuracy comparison model after hyperparameter tuning

Although tuning is generally aimed at improving
performance, the decrease in Random Forest's accuracy from
85 percent to 84 percent can be explained through the
redistribution of predictions that occurred after parameter
tuning. Based on the classification reports and confusion
matrix, tuning increased recall in low-performing genres such
as tango and gospel, but slightly decreased precision in
previously dominant genres such as j-idol. As a result,
predictions became more balanced across classes, but overall
accuracy decreased marginally. In the context of multi-class
classification, this shows that tuning successfully reduces the
dominance of major classes without compromising the overall
performance of the model, which is reflected by the stable
macro F1-score of 0.84.

IV. CONCLUSION

This research demonstrates the application of Decision
Tree and Random Forest algorithms in audio numerical
feature-based music genre classification. Data pre-processing,
which includes duplication removal, empty value handling,
normalization, outlier detection, and class balancing,
successfully produces data that is ready to be used in
modeling.

The results of the study showed that Random Forest
consistently provided higher classification accuracy than
Decision Tree. At the initial stage, Random Forest recorded
an accuracy of 85 percent, while Decision Tree obtained 76
percent. After tuning with GridSearchCV, Decision Tree's
accuracy increased to 79 percent, while Random Forest
experienced a slight decrease to 84 percent. This decrease was
due to the redistribution of predictions to low-performing
classes, such as tango and gospel, which increased recall but
slightly decreased precision in the dominant genres. This
results in a more balanced distribution of predictions, which
is reflected in the F1-score macro value that remains stable at
0.84.

In terms of time efficiency, the Random Forest tuning
process takes significantly longer than Decision Tree, 806.81
seconds compared to 17.42 seconds. This shows that the

complexity of the model greatly affects the training duration
when a thorough parameter exploration is performed.

This finding confirms that the success of the model is not
only determined by the complexity of the algorithm, but also
by the data quality, tuning strategy, and training time
efficiency. For further development, this research can be
extended by exploring other algorithms and testing the model
on real systems or other datasets to measure its robustness and
generalization ability.
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