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Abstract: The implementation of a CNN1D model is a big challenge because it involves many hyperparameters which
have to be tuned well. The research has goals to compare the classification performance of the C4.5 tree and CNN1D
models applied in the imbalanced medical dataset in six performance metrics. The oversampling method is applied to
the training dataset to form the oversampling training data which is divided into 5 folds of cross-validation data for
tuning hyperparameters of both models. By using the grid search method, there are obtained the optimal CNN1D
hyperparameters are [256, 4] for the filter and kernel sizes, and the optimal C4.5 hyperparameters are [25,7] for the
minimum number of instances in the splitting node and the depth of C4.5 tree. The models with optimal
hyperparameters are trained using the oversampling training data and evaluated their performance in both of original
training and testing datasets. In the training dataset, the CNN1D outperforms the C4.5 tree in all six metrics with a
value of 99% except in the matthews correlation coefficient (MCC) metric with 73% besides the performance gaps
of both models being very large. In the testing dataset, the CNN1D also outperforms the C4.5 tree in four metrics with
a value of around 99%, but in the MCC and the area under curve (AUC) metrics, the C4.5 tree outperforms the CNN1D
although their performance gaps are narrow enough. An interesting future work is to use the MCC or AUC criteria in
the tuning hyperparameters of models for the classification of imbalanced class datasets.

Keywords: Convolution neural networks, Filter and kernel sizes, Hyperparameters tuning, Imbalanced class, MCC
and AUC metrics.

1. Introduction

Deployment of convolution neural networks
(CNN) models as a classifier model of images had
reached a peak popularity in the fewer last few
decades. The existence of convolutional layers that
had a role in mapping features supporting the model
can be more understood in the image classification
stage. Even to increase model performance,
Hassanzadeh et al [1] hybridized the genetic
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algorithm and CNN forming a new model which had
outperformed other models when it was trained in 5
datasets. While Yuan et al [2] fully utilized the
advantages of transformers and convolutional neural
networks (CTC-Net) to form a hybrid model that had
a high performance in image segmentation. The
implementation of CNN for classifying instances
researchers including Habite et al [3] used CNN1D to
determine path location along Norway spruce timber
boards by generating thousands of virtual timber
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boards. Recently, Venturini et al [4] applied the
CNN1D on a single-fluorescence spectra for

predicting five chemical quality indicators of olive oil.

The CNN1D model in both kinds of research has a
very satisfactory performance. On another side, an
assembling method called the C4.5 tree had been
applied successfully a long time ago to classify
instances with very satisfactory performance such as
shown by Wati et al [5] and Gite [6] recently. Both
CNN1D and C4.5 models are categorized as complex
models that involve many hyperparameters which
have a large influence on model performance. Tuning
hyperparameters of complex models is not an easy
task and must be addressed fairly ways. Tuning
hyperparameters as done in [7, 8] was a trade-off that
must be paid to obtain a satisfactory performance of
a complex model including the model of CNN1D and
the C4.5 tree.

All decision-making processes always can be
brought into a binary choice that supposes to make
easy decision-makers jobs. The right decision choice
from a set of decision candidates will lead to a wise
policy. Some real-world applications of binary choice
of decisions include a financial analyst evaluating a
company status that was categorized as a fraudulent
or not fraudulent firm based on many features of the
company profile [9, 10], a nutritionist making a
decision regarding the status of a baby categorized as
stunting or normal [11], also a midwife deciding what
a pregnant mother will birth through surgery or
normally [12]. Those researchers used various
machine learning models including the C4.5 tree and
CNN1D models with satisfactory performance.
Decision-making in the health area is not only a
crucial but also critical task because it relates directly
to the survival of human life. In the last decades,
hospitals have collected their medical data well so it
supports developers of machine learning models with
a huge dataset. Unfortunately, many cases of medical
data have imbalanced classes such as in Liu et al [13],
Mienye and Sun [14], and Alabbad et al [15] where
an additional treatment must be given to the
imbalanced data before they are used to train machine
learning models. The oversampling method is one of
the techniques to address imbalanced class problems
which should be conducted to the training set to yield
oversampling training data as done by Kovacs [16],
and also by Wibowo & Fatichah [17]. Furthermore,
the selected model namely the one having optimal
hyperparameters must be trained by using the
oversampling training data.

The research goals are to implement both models
of the CNN1D and C4.5 tree for the classification of
imbalanced medical data and compare their
performances in the six metrics where their optimal
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hyperparameters are obtained through 5 folds cross-
validation of the oversampling training data. In each
of the models, it is determined 2 kinds of
hyperparameters which will be tuned by the grid
search algorithm. The comparison of performance
metrics is carried out in both the original training and
testing data. The rest of the article is structured as
outlined in the following: Section 2 provides an
overview of pertinent literature in the field. In section
3, we delve into a detailed examination of a medical
dataset used as a case study, accompanied by an
explanation of the proposed methodology. Section 4
encompasses the presentation and discussion of our
results, including the process of model development,
and performance evaluation across six metrics.
Concluding remarks and recommendations for future
work are presented in section 5.

2. Related works

Today, most aspects of human life are supported
by artificial intelligence and machine learning
methods are most core models implemented there.
The existence of the target feature in a dataset will
lead to the type of appropriate machine learning
model. If a feature target is not available, descriptive
models can be built. Some popular descriptive
models include clustering methods such as those
implemented in [18, 19] and ranking methods such as
those implemented in [20, 21]. Descriptive models do
not have a standard evaluation metric so they are
impossible to obtain the best one. On the other hand,
if a feature target is available, predictive models can
be developed whether regression models such as in
[22, 23] or classification models such as in [24]
depending on the scale measure of the target feature.
Complex classification models including decision
trees and neural networks have proven very
satisfactory performance when they were compared
with most other machine learning models [25, 26].
Nevertheless, the complicated models tend to suffer
the overfitting problem and have various numbers of
hyperparameters that need to be tuned in a systematic
way. For example, decision tree hyperparameters
include the tree depth, many instances in the splitting
node, pruning criteria, and so on. The neural network
hyperparameters include network architecture,
hidden layer depth, learning algorithm, and so on.

Deployment of the C4.5 tree that was
implemented in real-world applications is very
popular with satisfactory performance. The model is
many applied both in engineering and public health
or medical fields because it permits not only
categorical but also numerical attributes, deals with
missing values, and applies pruning to avoid
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overfitting. The C4.5 tree had been applied at the
planning stage to form rule bases in predicting
household electricity consumption in Maluku by
Tempola et al [27]. Using the C4.5 tress for Security
classifications of power system operating states was
achieved under vast load variations was done by Jain
et al [28]. The C4.5 trees-based islanding technique
was used to reduce the chip’s peak and average
temperatures, voltage drop, area, and wire length
done by Shanthi et al [29]. The C4.5 implementations
in those fields had given state-of-the-art performance.
In another field, Peng et al [30] proposed C5.0 to
forecast aggravation risk in patients with acute
exacerbation of chronic obstructive pulmonary
disease with 28 features including vital signs,
medical history, comorbidities, and various
inflammatory indicators selected. Jaiswal & Kumar
[31] proposed Enlarge C4.5 by pre-processing the
Breast cancer dataset using stochastic self-organizing
map. Hamdi et al [32] combined the Gaussian
mixture model and the C4.5 tree method were used to

classify and predict new cases of the COVID-19 virus.

The C4.5 tree and its derived model in the above
research outperformed the benchmark models used in
at least 2 accuracy metrics. It means enough reasons
for implementing the C4.5 tree model for classifying
the medical data. However, most of the C4.5 tree
implementations did not conduct the
hyperparameters  tuning  systematically.  The
hyperparameter values were set up by trial and error
S0 it was not guaranteed that they were the optimal
one.

The CNNs model is a generation of neural
networks that had obtained more attention in the last
decade because it had been implemented successfully
for image classification with very satisfactory
performance [33]. The wider deployment of CNN for
one-dimension data classification has brought into
the model called CNN1D and also has attracted many
researchers. Zhang et al [34] compared 9 deep neural
networks including CNN1D to forecast hourly bus
passenger flow in China. Su et al [35] used a sliding
window in CNN1D to learn the local information of
the patient record and capture the dependence
between patients and medications from both global
and local levels. Landolsi et al [36] merged 3 text
features which are formatting style, syntactic, and
semantic features to train the CNN1D for generating
the document title. Those implementing CNN1D in
various fields above had vyielded satisfactory
performance compared to the other machine learning
models used as the benchmark. However, deep neural
networks model including CNN suffered from the
problem of long-term dependencies which led to their
feature extraction ability defect [37]. While AL-
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Alimi, et al [38] conducted concatenating and
training a hybrid multi-size CNN kernel using the
meta-learner technique to train multi-class and multi-
size datasets to produce better models. Two types of
important hyperparameters of the CNN model are the
filter and kernel sizes. Tuning both hyperparameters
in k folds cross-validation data ensured obtaining the
optimal pairs of them fairly.

Numerous researchers, including Liu et al [13],
have explored classification techniques for medical
datasets with imbalanced data. One of their
approaches involved a combination of random forest
(RF) and deep neural networks (DNN). In their study,
they utilized random forest regression to handle
missing values in the data prior to classification.
Furthermore, they employed an automated
hyperparameter optimization (AutoHPO) technique
using a deep neural network for enhancing stroke
prediction. Mienye and Sun [14] introduced a
method of addressing class imbalance called cost-
sensitive learning. This technique, as opposed to
resampling methods, involves adjusting the objective
functions of machine learning algorithms. Their
approach doesn't require altering the distribution of
the imbalanced class during training, leading to more
dependable performance compared to data
resampling. The method combining the Synthetic
minority oversampling technique (SMOTE) and the
k-means algorithm to address the imbalanced class
problem was proposed by Xu, et al [15]. The
approach had increased significantly the C 4.5 tree
performance in both the Sensitivity and Specificity
indexes of accuracy metrics. Although there are many
methods to address the imbalanced class, the
implementation to develop the CNN1D model will
lead to another problem. In the research, the
oversampling method is used to resolve the
imbalance class where the method is applied to the
training data to form the oversampling training data
which will be used to tune hyperparameters and to
train the models with the optimal ones.

3. Dataset and proposed method

The dataset was taken from a Taiwan hospital in
2021. It consisted of 52159 records of the joint
replacement surgery patient. The dataset is available
as public data provided by the hospital that can be
found at https://github.com/saminghan/SDAI_HW-
3/blob/main/cnn_train.csv. The target feature called
the “outcome” feature had a binary value namely not
infected or infected that it was supposed to be
affected by 29 features consisting of both categorical
and numerical features. Table 1 presents a list of both
types of predictor features.
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Table 1. List of predictor feature names
The 17 categorical The 12 numerical

features features
"Psychoses", "Alcohol "CBC_Platelet",
Abuse", "Coagulopathy", "AGE", "length of
"Solid Tumor without stays (LOS)",
Metastasis", "Peptic Ulcer | "OP_time_minute",
Disease excluding "OP_time_hour", "

bleeding”, "Rheumatoid
Arthritis/collagen

Cancer history",
"Diagnosis", "elx_index",
"cci_index",
"Commercial_ALBC",
"Drain", "Paralysis",
"SEX",
"Non_commercial ALBC",
"Anemia", "Psyciatric
disorder”

Irregular heartbeat
(BUN)", " Heart
disease (GOT)", "
Pulmonary Circulation
Disorders (GPT)", "
Peripheral Vascular
Disorders (ALB)", "
Hypertension
Uncomplicated (Na)",
" Paralysis (K)", "
Neurological
Disorders (UA)"

The target feature of the dataset has a name of
“outcome” that excludes in Table 1. The “outcome”
feature has a distribution of the imbalance class,
which is [not infected(class_0), infected(class_1)] =
[51280, 879]. The number of instances in class_0 is
98%, which means only by guessing that the
probability of an instance really comes from class_0
which is 98% correct. The dataset contains 17
categorical predictor features that have various label
numbers which are 11 features with 2 labels, and 2
features with 3 labels, while the remaining features
have respectively 4, 6, 14, and 16 label categories.
The second column of Table 1 presents 12 numerical
features, which have not only various measurement
units but also very heterogeneous variances. The
preprocessing was done to make commensurate
measures of numerical features which must be
transformed into [0,1] range by using a min-max
transformation.

Two model types will be developed in the study,
namely the C4.5 tree and CNN1D classification
models. The research focuses on the development of
the CNN1D model while the implementation of the
C4.5tree has arole as a benchmark model. The stages
of developing models are presented in the sequential
process in Fig. 1. In essence, Fig. 1 consists of 4 main
processes namely the oversampling to overcome
imbalanced class, tuning hyperparameters by using 5
folds cross-validation, training models with the
optimal hyperparameters by using the oversampling
training data, and evaluating of model performances
on both the original training and testing dataset in six
performance metrics.
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3.1 Tuning hyperparameters

Most machine learning models involve
hyperparameters which are supposed to be set up
carefully in fairways [39]. The k folds cross-
validation method is a popular method to obtain
objectively optimal hyperparameters that direct the
machine learning model to have the best performance
[40]. Fig. 2 describes how to divide the training
oversampling data into 5 pairs of training and
validation folds. In the beginning, the dataset is
divided into the training data which is a large part of
the dataset where it is usually 80% and the 20%
remaining is the testing data.

In Fig. 2, Firstly, the training oversampling data
is divided into 5 folds with almost the same size.
Each fold has a chance to be a validation fold. In
detail, the process to arrange the training and
validation folds based on 5 folds is given in the
following summary:

a.Pick the first fold as the validation fold and the
remaining folds as the training folds.

b.Pick the second fold as the validation fold and
4 other folds as the training folds.

c.Pick the third fold as the validation fold and 4
other folds as the training folds, and so on.

d.Finally, pick the fifth fold as the validation fold
and the 4 previous folds as the training folds.

Model candidates with each pair of
hyperparameters are trained on all of the training
folds and their performances are evaluated on the
corresponding validation fold. The pair of
hyperparameters that yield the best average accuracy
on the 5 validation folds is picked up as the optimal
one [40].

3.2 C4.5 tree model

The C4.5 tree model is a classification model
which is the best-known and most widely
implemented in real-world applications. Some
advantages of the C4.5 tree are to permit numeric
attributes, deal with missing values, and apply
pruning to avoid overfitting [41]. Numerical
attributes are treated through a binary split on a
chosen cut-point. The way to find it is by evaluating
info gain (or other measures) for every possible cut-
point of the attribute and selecting the cut-point
having the highest info gain. The C4.5 tree deals with
missing values by using the simple method (treat a
missing value as a separate value) or using the
advanced method which means each data point is
associated with a weight in training and splits a data
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Figure. 1 The schema of computation stages in developing the C4.5 tree and CNN1D classification model

The tramning dataset
Fold | | Fold2 | Fold3 | Fold4 | Fold 5

Val. 1l The training folds
Val. 2
Val. 3
Val. 4
The training folds Val. 5

Figure. 2 Divide the oversampling training data into 5
pairs of validation and training folds

point with missing values into pieces. Furthermore,
the final classification step is done by considering the
weights associated with each branch. The advanced
method is conducted when the simple method faces a
problem in resolving missing values. Two strategies
for pruning the C4.5 tree are pre-pruning (stop
growing a branch when information becomes
unreliable) and post-pruning (take a fully-grown
decision tree and discard unreliable parts) [42].

The post-pruning is done by using an error
estimate. The C4.5 tree attempts to make the error
estimate based on the training data itself. The idea is
to consider a set of instances reaching each node and
imagine that a majority class is chosen to represent
that node. It's a heuristic based on some statistical
reasoning that seems to work well in practice. The
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mathematical formula involved is given in Eq. 1. The
default of a particular confidence ¢ used by C4.5is ¢
= 25%. The task is to find confidence limits z such
that satisfies Eqg. (1) as the following.

f-q
r Vva(@1-q)/N Z] ¢ (1)

where N, f= E/N, g respectively is the number of
samples, the observed error rate, and the true error
rate. It leads to an upper confidence limit for g that
upper confidence limit as a (pessimistic) estimate for
the error rate e on the node is given in Eq. (2) as
follows.

72 f fZ z2
AT T T 2
e= 7 2)
N

The + sign before the square root in the numerator
of Eq. (2) is used to obtain the upper confidence limit
where the z is the number of standard deviations
corresponding to the confidence ¢, which for ¢ = 25%
is z = 0.69. The C4.5 tree uses a default confidence
value set at 25% and works fairly well in most cases;
more drastic pruning will occur if the default value is
set to less than 25% and the true error rate of the
pruned trees in the test dataset is much higher than
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the estimated error rate [43].
3.3 CCNA1D classification model

CNN s are a special family of neural networks that
contain convolutional layers that have a role as a
feature map through a pooling layer. Two
characteristics of CNNs are translation invariance in
images which implies all patches of an image will be
treated in the same manner and locality which means
only a small neighbourhood of pixels will be used to
compute the corresponding hidden representations
[44]. A convolutional layer conducts the dot product
(cross-correlation) between the input and kernel
containing a bias that will be added to the result of the
dot product to produce an output. The two kinds of
parameter sources of a convolutional layer are the
kernel and associated bias. The kernel contains
weights as many as the kernel size and an associated
scalar bias. When training a model based on the
convolutional layer, the kernel weights typically
initialize randomly, and they update through the
backpropagation algorithm by minimizing the loss
function by using an optimization method such as
gradient descent [45]. The loss function for binary
classification usually uses the cross entropy (CE)
which is given in Eq. (3) as the following [46].

CE = = Yx P(x) *log (1 — P(x) 3)

where x and P(X) respectively represent an
instance and the probability that the instance x is
classified correctly.

Fig. 3 shows the process of the calculated output
of the convolution layer involving a filter with a bias
and RelU activation function. The filter size is 3 of [-
1,1,-1] with a bias of +1. The raw named after
convolution is obtained by operating the dot product
between the filter and the part of the corresponding
sequence, and then adding the bias value to get the
convolution output. The filter is moved from the first
part to the second part of the sequence using 1 stride.
The first and last elements with break lines show the
same padding. The last row of Fig. 3 is obtained by
forwarding the convolution output to the RelLU
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Table 2. Elements of a confusion matrix

Actual Predicted class

Class Class 0 Class_1
Class 0 | True Negative(TN) | False Negative (FN)
Class 1 | False Positive (FP) | True Positive (TP)

activation function.
3.4 Classification performance metrics

In  general, performance metrics of a
classification model are calculated by using the
elements of the confusion matrix given in Table 2 as
the following [47].

The MCC (matthews correlation coefficient)
metric is widely used in the evaluation of a
classification model performance in biomedical
research and it is calculated based on elements of
Table 2. On the other hand, a metric called AUC (area
under ROC curve) is calculated by using a numerical
integration approach. The AUC had shown as an
elective metric to obtain a consensus on the best
practices for the development and validation of
predictive models in the medical field [48]. Both
MCC and AUC have a range value between 0.0 and
1.0 representing a binary classifier performance for
separating instances of the positive class (class_1)
from instances of the negative class (class_0). While
the formula of both metrics is given in Egs. (4) and
(5) as the following

MCC = % (4)

Where a = TP X TN — FP x FN, and
b = (TP + FP)(TP + FN)(TN + FP)(TN + FN)

AUC = [, ROC(x)dx (5)

Other kinds of performance metrics which are
very popular for evaluating classifier models are
given in Egs. (6) to (9) namely accuracy, precision,
recall, and F1 score. These metrics except the F1
score cannot measure well classifier model
performance of imbalanced class data. It means a
classifier model having a high value of Accuracy,
precision, and recall does not ensure that it is a good
model [49]. Because of the issue, other performance
metrics namely MCC and AUC which are talked
about previously are used to complete for evaluating
classifier models' performance.

(TP+TN)

Accuracy = ——
y (TP+TN+FP+FN)

(6)
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.. TP
Precision = @)
(TP+FP)

TP

Recall =

(TP+FN) (8)

2XRecallxPrecision

F1 score =
(Recall+Precision) (9)

4. Results and discussion

In the section, some results for the developing
stages of both the C4.5 tree and CNN1D models will
be presented sequentially in detail. Firstly, the issue
of the imbalanced class is resolved by conducting the
oversampling. The second results are both heat maps
in tuning hyperparameters of models by using 5 folds
cross-validation created from the oversampling
training data. The last results are comparisons of
model performance in both the original training and
testing data in six metrics of performance.

4.1 Oversampling to the training dataset and
formatting 5 folds for cross-validation

An imbalanced class will lead to the classification
model yielding bad performance when it is used to
predict an instance from the minority class. The over-
sampling technique has the goal to increase the
number of instances in the minority class label to be
the same class member as the majority class label
[50]. The method took instances in the minority class
randomly with replacement until both classes have
the same number of elements. The over-sampling was
conducted in the training set and the resulting over-
sampling data will be used to train both C4.5 and
CNNZ1D classification models.

Complicated models such as the ensemble model
(C4.5) or CNN1D model need to set up their
hyperparameters. To make fairness in the tuning
hyperparameters, the research uses the grid search
with cross-validation data [51]. There are 2
hyperparameters considered in both models namely
for the C4.5 model is depth tree and a minimum
number of instances in a splitting node and for the
CNN1D model is the kernel and filter sizes.

The cross-validation data is arranged from the
over-sampling data divided into 5 folds. The
candidate model was trained by using the training
fold (formed by 4-folds) and the performance was
evaluated with the remaining 1 fold which is called
the validation data. Each fold has the opportunity to
be the validation data, so there are 5 validation data
and 5 training folds. Each candidate model with pairs
of hyperparameters will be trained 5 times and its
performance will be measured 5 times too, the
average accuracy of the candidate model in 5
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Grid Search the hyperparameter of the c4.5 decision tree
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Figure. 4 The heat map of average accuracies in both of
C4.5. hyperparameters

validation data will be used in the grid search method.
4.2 The C4.5 tree hyperparameters tuning

The C4.5 trees hyperparameters considered that
suppose to have a great influence on the performance
are the minimum instances of the splitting nodes and
the deep maximum of the C4.5 trees that are
respectively [15, 20, 25, 30,35] and [7, 9, 11, 13, 15].
Each of all combination pairs (25 pairs) has the role
as a candidate of the optimal hyperparameters to train
the C4.5 tree on training oversampling folds and
compute the accuracy performance on the associated
oversampling validation fold. Because there are 5
possible training oversampling folds and 5 possible
associated validation folds that meant each pair of
hyperparameters is used 5 times to train the C4.5 tree
and each model yielded will be evaluated in its
accuracy performance using the associated validation
fold. Furthermore, the average accuracy of the model
on 5 validation folds is calculated. by averaging the
accuracy of model performance on each pair of
hyperparameters. The average accuracy of 25 pairs
of hyperparameters combination is presented as a
heat map in Fig. 4.

Based on Fig. 4, The result of the grid search
method in the finding of the optimal hyperparameters
of the C4.5 tree gives that the pairs of [25,6] and
[25,7] produce the highest average accuracy
performance which is 0.601. One of them which is
the pair of [25,7] was picked up for training the C4.5
tree by using the oversampling training data and
evaluating the model performances on both the
training (80% dataset) and testing sets (20% dataset).
After fitting the model with the optimal
hyperparameters, firstly, the confusion matrices on
both the training and testing sets have to be calculated
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because they are the raw material for obtaining all of
the performance metrics. Table 3 presents confusion
matrices on both the training and testing sets of the
best C4.5 tree.

4.3 The CNN1D hyperparameters tuning

Developing the CNN1D model with the optimal
filter and kernel sizes is started by determining some
values as the optimal hyperparameters candidate.
Hyperparameters of the filter and kernel sizes that are
tuned by 5 folds cross-validation are [8, 16, 32, 64,
128, 256] and [2, 3, 4, 5, 6, 7] for possible values of
filter and kernel sizes respectively. The kernel size
values are selected by the following arithmetic
sequence with 8 differences but the filter sizes follow
the same sequence with 1 difference. Each
combination pair of them (36 pairs) will be used to
train the CNN1D in the training oversampling folds
(union of 4 folds) and calculate the accuracy
performance on the associated validation fold. The
average accuracy performance in all folds and pairs
of filter and kernel values is presented as a heat map
in Fig. 5.

Fig. 5 shows that the average accuracy values
increase gradually in the ordinate of filter size and
decrease gradually in the axis of kernel size. The
increasing of filter size value made the increasing the
average accuracy, but the increasing the kernel size
value made the decreasing the average accuracy. The
best pair of the filter and kernel sizes are 4 and 256
where the average accuracy of the CNN1D model is
0.949, and there were some hyperparameter pairs
having the average accuracy performance which was
not a significant difference. Furthermore, the
CNN1D with the hyperparameters pair of filter and
kernel sizes of [256, 4] is trained by using the full
oversampling training data. Both the confusion
matrix and model performance will be presented in
the next section for both the original training and
testing sets.

4.4 The C4.5 tree and CNN1D performance

The C4.5 tree with [25,7] hyperparameters of the
min. the number of instances on the splitting mode
and the max. deep of tree has the confusion matrix in
the first part of Table 3, while the second one is the
confusion matrix of the CNN1D with [256,4]
hyperparameters of the filter and kernel sizes number.
Both models are evaluated on the training and testing
dataset where the training dataset consists of 36766
instances and the testing dataset consists of 9192
instances. In the training dataset, the C4.5 tree
classifies correctly 28345 instances but the CNN1D
classifies correctly 35637 instances of class 0. While
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Figure. 5 The heat map of CNN1D average accuracies in
various values of kernel and filter sizes

class 1 instances are classified correctly as 413 and
611 instances by the C4.5 tree and CNN1D
respectively. The result shows that the CNN1D
performance is better than the C4.5 tree. On the other
hand, in the testing dataset, as many as 7051 and 8753
instances of class 0 are classified correctly by the
C4.5 tree and the CNN1D respectively. While the
class 1 instances, the C4.5 tree classifies correctly 73
instances, and the CNN1D classifies correctly 8
instances. The result is slightly different from the
previous one in the training dataset. The comparative
performance of both models in six metrics is
presented in Table 4 as the following.

Table 4 presents the performance of the best C4.5
tree as a benchmark model and the best CNN1D in
both the original training and testing data. The first
column is the performance metrics names used for
model evaluation, the second column contains the
C4.5 tree and CNN1D performance on the original
training data, and the last one is column contains both
models' performance on the original testing data.
Firstly, concerning performance metrics in the
original training data, the C4.5 tree has a lower
performance than the CNN1D in all of six metrics.
The performance gap between both models is a very
large of significant difference. All performance
metrics of CNN1D are around 99% except the MCC
metrics of around 73% while the C4.5 tree has
moderate performance in metrics of accuracy, recall,
and AUC which are 78.22%, 73%, and 72.99%
respectively, and other metrics have values of 52%,
48%, and 14.11% respectively for metrics of
precision, F1 score, and MCC. It should be noticed
that the original training data here is an imbalanced
class, 80% part of the dataset, which is not the data
which used to train the models.
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Table 3. Confusion matrices of both classification models
Actual C4.5 tree Classification CNN1D Classification
value Prediction training Prediction testing Prediction training Prediction testing
Class 0 | Class 1 | Class 0 | Class 1 | Class 0 | Class 1 | Class 0 | Class 1
Class 0 | 28345 7810 7051 1972 35637 518 8753 270
Class_ 1 | 198 413 96 73 0 611 161 8
Table 4. The comparison both C4.5 tree and CNN1D performance
Performance Training dataset Testing dataset
Metrics C4.5 tree CNN1D C4.5tree | CNN1D
Accuracy 0.7822 0.9859 0.7750 0.95311
Precision 0.5200 0.9900 0.5100 0.9600
Recall 0.7300 0.9900 0.6100 0.9500
F1-score 0.4800 0.9900 0.4700 0.9600
MCC 0.1411 0.7304 0.0689 0.0137
AUC 0.7299 0.9928 0.6067 0.5087
In the testing data which is 20% part of the dataset, =~ performance gaps are narrow enough. The

the CNN1D has performance metric values of around
96% in 4 popular metrics namely accuracy, precision,
recall, and F1 Score where the C4.5 tree has values
on that metrics are 77.50%, 51%, 61%, and 47%
respectively. The result shows that the CNN1D
outperforms the C4.5 tree in the 4 popular metrics
where the result is supported by previous research
[46] that the CNN1D outperforms other models in all
of the performance metrics used in the research.
Nevertheless, an anomaly condition occurs that the
C4.5 tree has a better performance than the CNN1D
on the metrics of MCC and AUC whose values
respectively of [6.89%, 60.67%] and [1.37%,
50.87%] for the C4.5 tree and CNN1D. The result
needs a deeper exploration including by Lee [41] find
the AUC is a recommendation metric to access the
C4.5 tree performance but Chicco and Jurman [48]
advised replacing the AUC with the MCC metric in
the binary classification problem.

As previously talking that the oversampling
method was conducted on the training data and used
the training oversampling data to train models with
optimal hyperparameters. The evaluation models on
the training dataset show the result that the CNN1D
outperforms the C4.5 tree in six performance metrics
with extreme gaps in both MCC and AUC values
which are the CNN1D has 99% AUC and 73% MCC
values, while the C4.5 tree has 73%AUC and 14.11
MCC values. The results are not surprising and were
supported by previous works in [35] and [36] that the
CNN1D outperforms other machine learning models.
Besides, the oversampling method also can improve
both models' performance which is similar to the
works in [14, 15]. Unfortunately, in the testing data,
the CNN1D performance in both metrics of MCC and
AUC is lower than the C4.5 tree although their
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occurrence proved that the CNN1D trained by
oversampling data does not predict the positive class
well. The contradictory result leads to a challenge in
the selection of the metric accuracy when tuning
hyperparameters that did not use the accuracy value
but it could use the MCC or AUC values [48]. It is
also possible the cross entropy loss function is not
suitable for the training of a CNN1D model in the
imbalance class dataset.

5. Conclusion

The total number of instances is almost to be
doubled by conducting the oversampling method on
the extremely imbalanced class dataset. The
oversampling training dataset has 2 roles, the first one
is divided into 5 folds of cross-validation data for
tuning hyperparameters, and the second role is to
train the C4.5 tree and CNN1D with the optimal
hyperparameters. By grid search method, the C4.5
tree has the optimal hyperparameters of 7 depth of the
tree and 25 minimum number of instances in the
splitting node while the CNN1D has hyperparameters
of 4 kernel size and 128 filter size. The C4.5 tree with
selected hyperparameters above is trained by using
the oversampling training dataset which is also used
to train the CNN1D by setting other hyperparameters
namely 200 epochs, 1000 mini-batch size, and
adaptive momentum gradient descent optimization
method. The performance of both models is evaluated
by six metrics in both the original training dan testing
data. In the training data, the CNN1D has almost
perfect performance with around 99% in 5 metrics
and a 73% value in the MCC metric. The CNN1D
outperforms the C4.5 tree in all performance metrics.
In the testing data, the CNN1D outperforms the C4.5
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tree in metrics of accuracy, precision, recall, and F1
score with a value of around 99%. Nevertheless, the
C4.5 tree has better performance than the CNN1D in
the MCC and AUC metrics although their
performance gap is narrow enough. This result gives
a fact that the CNN1D trained by oversampling
training data does not predict well the instance from
the positive class yet. The challenge in future works
is to use the MCC or AUC criteria for tuning
hyperparameters or to develop another loss function
else the cross-entropy loss in training the CNN1D for
classification of an imbalanced class dataset.
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