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ABSTRACT The use of categorization techniques for classifying diabetes often leads to poor results because of the complex
nature of the dataset and the uneven class distribution. To address the class imbalance, SMOTE is often applied, but this also
results in suboptimal outcomes due to the dataset's complexity and the numerous influencing factors. As a result, multiple tests
were carried out to assess the accuracy of different classification methods. This study seeks to assess the accuracy of C5.0,
Random Forest, and SVM classification models using both standard and SMOTE-based methods. The approach involves
selecting appropriate datasets, reviewing classification algorithms like C5.0, Random Forest, and SVM, applying the SMOTE
technique, validating through split validation, preprocessing with min-max normalization, and evaluating performance with
confusion matrices and AUC analysis. The dataset was sourced from Kaggle to address the class imbalance in a diabetes dataset
using the SMOTE technique. The dataset comprises 768 instances, with 268 representing individuals with diabetes and 500
representing those without. Before applying SMOTE, the accuracy of classification using C5.0, Random Forest, and SVM was
0.714,0.733, and 0.746, respectively. The AUC values for the dataset were 0.745, 0.824, and 0.799. After applying the SMOTE
technique, the accuracy values for the same models were 0.603, 0.727, and 0.727, with corresponding AUC values of 0.734,
0.831, and 0.794. This analysis indicates that SMOTE had a minimal impact on the performance of the three classification
models. The decrease in performance, including precision and AUC scores, is likely due to the risk of overfitting on the dataset.
This happens because the models become overly reliant on the synthetic data generated for the minority classes, which
adversely affects their overall effectiveness.

INDEX TERMS SMOTE, C5.0, Random Forest, SVM, Diabetes.

.INTRODUCTION

Diabetes mellitus (DM) continues to be a major global health
issue, with its prevalence steadily increasing. According to the
World Health Organization, more than 422 million people
worldwide suffer from diabetes, with the majority of cases
found in lowand middle-income countries. Additionally,
diabetes is responsible for 1.5 million deaths each year. One
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common issue faced by individuals with diabetes mellitus
(DM) is the development of chronic wounds that heal slowly
and often progress into diabetic ulcers [1]. Diabetes mellitus is
a long-term condition resulting from multiple causes,
characterized by high blood sugar levels and impaired
carbohydrate, lipid, and protein metabolism due to insufficient
insulin secretion or action. This condition necessitates greater
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attention to both management and prevention strategies [2]-

[4]. Class imbalance occurs when there is a significant
disparity in the number of samples among different categories
within a dataset. Typically, classification algorithms perform
better at identifying the majority class, struggling with the
minority class. The Synthetic Minority Over-sampling
Technique (SMOTE) addresses this problem by generating
synthetic data to enhance the representation of minority
classes through oversampling. In the study conducted by [5],
using ANN combined with SMOTE achieved a precision rate
of 87.06%, whereas using ANN without SMOTE resulted in a
precision rate of 86.35%. The use of the Synthetic Minority
Over-sampling Technique (SMOTE) has proven effective in
addressing class imbalance, resulting in enhanced
classification performance.

C5.01s a classification algorithm known for its high accuracy,
precision, and recall. In a study by [6], C5.0 was compared to
the C4.5 algorithm, revealing that the inclusion of a boosting
stage in C5.0 enhances its precision. As a result, C5.0 achieved
a precision rate of 99.33%, whereas C4.5 attained 87.61%.
Random Forest is a supervised learning algorithm used for
classification tasks. Its strength comes from its capability to
select features and nodes randomly, which helps reduce errors
during processing [7]. The study conducted by [8] determined
that the Random Forest algorithm surpasses both Naive Bayes
and Decision Tree in classification tasks. The study reported
accuracy rates of 78% for Naive Bayes, 76% for Decision
Tree, and 84% for Random Forest. These results indicate that
Random Forest is the most effective and suitable method for
classifying this dataset.

The Support Vector Machine (SVM) is a statistical method
used in classification tasks. It works by finding a hyperplane
that can efficiently separate data points into two different
classes [9]. In study [10], a comparison was made between the
C4.5 and SVM classification methods for categorizing
cardiovascular disease. The results showed that the C4.5
algorithm had lower precision than SVM, achieving an
accuracy of 82% compared to SVM's 88%.
Based on the description above, researchers choose to use the
C5.0, Random Forest, and SVM classification methods
because previous studies have shown that these methods
achieve a high level of precision. Therefore, this study will
compare these three classification models to determine which
one produces the highest AUC and confusion matrix values
before and after applying SMOTE to address data imbalance.
The aim of this research is to evaluate the accuracy of different
analytical models, including C5.0, Random Forest, and SVM,
both with and without the application of SMOTE. By
incorporating SMOTE, it is expected that the performance of
these models in accurately classifying diabetes will improve.
The results of this study are expected to provide valuable
insights, such as:

a. Improve understanding of how classification

algorithms are applied to diabetes datasets.
b. Aidinenhancing decision-making processes through
analytical evaluation.
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c. Use the Synthetic Minority Over-sampling
Technique (SMOTE) to address class imbalance.

ILMETHODS

The research methodology provides a detailed explanation of
the datasets used and describes the underlying principles of the
C5.0, Random Forest, and Support Vector Machine
algorithms. It also outlines the application of SMOTE and
Min-Max Normalization techniques. The study discusses
performance evaluation methods, including Confusion Matrix
and AUC analysis. The data is split into 80% for training and
20% for testing. The following study procedures are
described, with Figure 1 illustrating the study's workflow.

FIGURE 1. Flowchart of the proposed method

A. DATA COLLECTION

This research uses the Pima Indian Diabetes dataset sourced
from the Kaggle Datasets platform. The dataset addresses
issues related to diabetes and consists of 768 entries with eight
predictor variables and a target variable represented by a
single label attribute. It provides comprehensive health
information for each individual, including data on
pregnancies, glucose levels, blood pressure, skin thickness,
insulin levels, BMI, diabetes pedigree function scores, and
age. Additionally, it includes an outcome attribute that
indicates the classification associated with each patient's
medical condition.

In the dataset, patients are categorized into two groups: those
with diabetes (True) and those without diabetes (False). The
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data includes 268 instances of patients with diabetes and 500
instances of patients without the condition. [3]. The following
information outlines the features and descriptions of the Pima
Indian Diabetes dataset, as presented in Table 1.

TABLE 1
Surgery data attribute description

No Attribute
1 Pregnancies

Description Category

Numeric

Number of pregnancies
Plasma glucose
concentration after 2
hours during an oral
glucose tolerance test
Diastolic blood
pressure in millimeters
of mercury (mm Hg)
Triceps skinfold
thickness in millimeters
(mm)

Serum insulin level
after 2 hours in micro-
units per milliliter (mu
U/ml)

Body mass index
(BMI), calculated as
weight in kilograms
divided by height in
meters squared (kg/m?)
Diabetes pedigree
function score

Age in years

Class label or outcome
variable

2 Glucose Numeric

3 BloodPressure Numeric

4 SkinThickness Numeric

5 Insulin Numeric

6 BMI Numeric

DiabetesPedigr
eeFunction
8 Age

Numeric
Numeric

9 Outcome Binary

B. C5.0

The C5.0 algorithm, a type of Decision Tree method, functions
by examining data and creating a set of rules that guide
decision-making processes [11]. This algorithm functions by
breaking down data into a series of decisions based on the
existing features, thereby enhancing the understanding and
interpretation of patterns within the data. The resulting rules
enable more informed and effective decision-making in
various contexts [12], [13].

This algorithm determines which attributes to process based
on the concept of "information gain." When selecting
attributes to categorize objects into distinct classes, the
objective is to identify the attribute that offers the most
informational value. The attribute with the highest
"information gain" is selected as the basis for the next node in
building the decision tree structure [14], [15]. Eq. (1) is used
to calculate the entropy value:

Entrophy (S) = XiLo — pi * log,p; e

In this context, "S" represents the dataset or information being
analyzed, and "n" denotes the number of subdivisions or
subsets created from the dataset "S." The term "pi" indicates
the number of instances within the initial subset or portion of
the data. In simpler terms, "S" is the observed data, "n" refers
to the number of segments derived from this data, and "pi"
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signifies the count of instances in the first segment. Eq. (2) is
used to calculate the gain value:

Gain (S,A) = Entrophy (S) — Y-, —% * Entrophy(Si)
@)
The variable "S" denotes the dataset or collection of cases
being examined. "n" indicates the number of distinct segments
derived from the attributes within set A. The variable |Si| refers
to the number of instances within the i-th segment. The symbol
|S| stands for the cardinality of the set S, which is the total
number of cases in the dataset. In other words, "S" represents
the entire dataset, "n" is the number of segments created from
the set of attributes, |Si| is the number of instances in each
segment, and [S| is the total number of instances in the dataset
S. [14], [15].

C. RANDOM FOREST

Random Forest is an ensemble method composed of multiple
decision trees, each constructed from randomly selected
samples and different node-splitting criteria. This model
utilizes a subset of features for each tree and aims to determine
the optimal threshold for dividing the data [16], [17]. As a
result, the model generates a collection of trees trained using
various techniques, each providing distinct predictions. [18],
[19]. Within data classification using the Random Forest
algorithm, the Gini Index serves as a criterion for assessing the
diversity or impurity of the nodes created at each branch of the
decision tree. The Gini Index guides the algorithm in dividing
the data into more homogeneous groups to achieve more
accurate classification results. The calculation of the Gini
Index is done using Eq. (3):

Gini = 1 - $5_,(pi)? 3)
Eq. (4) is used to calculate the entropy value:

Enteropy = ¥i-; — pi * log,(pi) 4

where variable "pi" measures the relative frequency of a
particular class within the dataset, while "c" represents the
total number of unique classes. Both of these elements are
crucial in statistical analysis for comprehending and
interpreting data distributions. [20].

D. SUPPORT VECTOR MACHINE

Support Vector Machine (SVM) is a classification algorithm
that separates data into two distinct classes by creating a
hyperplane as a boundary between them. The algorithm also
takes into account the margin, which is the distance between
the hyperplane and the support vectors, which are the closest
data points from each class [21], [22]. SVM aims to maximize
the optimal separation between the two classes by utilizing the
support vectors and the margin, enhancing its classification
capabilities. Support Vector Machines (SVMs) have gained
significant recognition in the field of machine learning,
particularly for classification and regression tasks. Non-linear
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SVM addresses the limitations of linear SVM by employing
kernel functions to achieve higher dimensionality [23], [24].
TABLE 2 presents the equations for both linear and non-linear
Support Vector Machines (SVM).

TABLE 2
Linear and non-linear SVM equations
SVM . Kernel Type Formula Definition
properties
;‘3‘1&” Linear K(x,y)=x.y
Non- Polynomial K(,y)=(@xy+1P
Linear . K(x,y)
SVM Gaussian RBF o IX-YIE/ 4y 2
E. SMOTE (SYNTHETIC MINORITY OVER-
SAMPLING TECHNIQUE)

Addressing class imbalance in minority classes involves
tackling the problem of unequal sample sizes between
majority and minority classes in the dataset. Resampling,
specifically oversampling, is a common technique used to
handle this issue. One widely used oversampling algorithm is
the Synthetic Minority Over-sampling Technique (SMOTE)
[25], [26]. SMOTE allows us to generate new synthetic
samples for minority classes by combining data from existing
samples. This technique increases the number of samples in
the underrepresented class, thereby reducing the risk of
overfitting the dominant class and improving the model's
ability to accurately recognize the underrepresented class [27],
[28]. SMOTE is a powerful method for handling class
imbalance, allowing the model to better understand the
minority class and produce more balanced predictions.
Incorporating SMOTE can improve the model's performance
and reduce biases caused by data imbalances [29], [30].
Creating new data for the underrepresented class by using a
specific Eq. (5).

Y=Y+¥-Y)*Y 5)

where Y'enhances the representation of the underrepresented
minority group. Y denotes the demographics that lack
representation. Y’ is a value chosen randomly from the k-
nearest neighbors of the underrepresented class on Y. Y is a
randomly selected value from a vector ranging between 0 and
1 [27].

F. CONFUSION MATRIX

The effectiveness of the developed system can be assessed by
evaluating the performance of the classification model. [31]
One technique used to evaluate the system's effectiveness and
performance is the Confusion Matrix [32]. A Confusion
Matrix is a method used to evaluate the performance of a
classification algorithm by calculating its accuracy. This
accuracy metric reflects the proportion of data that the
algorithm has correctly classified. [33]

TABLE 3
Confusion matrix
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Predictions
Class

favorable adverse

Tp (True
favorable favorable) FN (False adverse)
adverse FP (False

favorable) TN (True adverse)

Referring to Table 3 above, the following terms are defined:

1. True Positive: Data that is positive and has been correctly
classified as positive.
False Positive: Data that is negative but has been
incorrectly classified as positive.

3. False Negative: Data that is positive but has been
incorrectly classified as negative.

4. True Negative: Data that is negative and has been
correctly classified as negative.

G. AREA UNDER THE ROC (RECEIVER OPERATING
CHARACTERISTIC CURVE)

The Area Under the ROC (Receiver Operating Characteristic)
Curve is a numerical metric used to assess the performance of
a model. It reflects how effectively the model distinguishes
between positive and negative observations and indicates the
model's success in providing accurate classifications [34],
[35]. ROC curves and AUC values are crucial for
classification and model evaluation. The AUC metric ranges
from 0 to 1, with higher values indicating better performance.
An AUC value close to 1 indicates that the model is highly
effective at distinguishing between positive and negative
classes [36] The following are the classification groups based
on the AUC values, as outlined in Table 4:

TABLE 4
categorization CATEGORY According to AUC VALUE

AUC value

Classifier categories

0.90 1.00 Excellent
0.80 0.90 Good
0.70 0.80 Fair

0.60 0.70 Poor
0.50 0.60 Fail

AUC is a useful metric for comparing multiple classification
models to identify the best fit. Because it is independent of
classification thresholds, AUC offers a more generalized
assessment of model quality. [13], [37]. To get the AUC value,
Eq. (6) is utilized:

1+TPR-FPR

AUC = > 6)
1) DATA GATHERING

The data used in this study was obtained from a third-party
source, specifically the Pima Indian Diabetes dataset
available on Kaggle Datasets. This dataset consists of two
categories: individuals with diabetes (True) and those

without (False), comprising a total of 768 entries and one
label.

2) PREPROCESSING
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At this stage, preprocessing is performed with the goal of
preparing the data to meet the requirements of the
classification algorithm, thereby enhancing its performance.
One of the preprocessing methods used is min-max
normalization, which aims to improve the system's
understanding and processing of the data. [38], [39]. Min-
max normalization is done by resizing the data so that it
scopes among 0 and 1. [40].

3) DATA SHARING

The data partitioning process involves splitting the dataset
into two separate subsets: one for training the model and the
other for evaluating its classification performance. Split
validation is used to evaluate how well the data is divided
into training and testing sets, with an 80:20 ratio used for
allocation. The preprocessing procedure consists of multiple
stages, which are detailed below.

The first phase of preprocessing involves identifying and
addressing problematic data, such as empty fields and
inaccuracies. Upon reviewing the collected data, it was
confirmed that there were no missing values or duplicates,
eliminating the need for further corrective measures. The
next phase involves converting the data to match the data
types required by the C5.0, Random Forest, SVM, and
SMOTE algorithms. This includes applying min-max
normalization to scale the data between 0 and 1. Min-max
normalization helps prepare the data for analysis and
modeling, enhancing the interpretability, stability, and
efficiency of the algorithms.

Subsequently, the dataset is divided into two categories:

individuals with diabetes (True) and those without diabetes
(False). The true class contains 268 data samples, while the
false class has 500 data samples. Data partitioning is
essential for the subsequent training and evaluation of the
classification model's performance.
After completing the preprocessing phase, the Pima Indian
Diabetes dataset is collected, verified for accuracy,
transformed into suitable data formats, and categorized as
needed. This dataset can then be analyzed using the C5.0,
Random Forest, SVM, and SMOTE algorithms to train a
classification model and assess its ability to differentiate
between individuals with and without diabetes.

4) RESAMPLING DATA

Resampling is a technique used to create additional samples
from existing samples or populations within a dataset. This
study applies resampling to the training dataset, specifically
using the Synthetic Minority Over-sampling Technique
(SMOTE) to enhance the data. Resampling involves
generating new iterations of existing data for statistical
analysis, machine learning, or model validation purposes.
The primary goal is to address the class imbalance in the
dataset. More specifically, resampling is performed on the
training data using the SMOTE technique. SMOTE
generates synthetic instances for the underrepresented class,
increasing the number of samples in that class. By employing
SMOTE, class imbalance can be reduced, resulting in a more
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balanced classification model that can accurately predict the
minority class.

5) MODEL MAKING

At this stage, after data partitioning and resampling, the data
modeling process begins using the C5.0, Random Forest, and
SVM classification algorithms. RapidMiner is the software
used for developing, training, and evaluating models in
machine learning and data analysis, specifically focusing on
C5.0, Random Forest, SVM, and SMOTE techniques. For
this study, an 80:20 split ratio is applied to the data, with all
other parameters kept at their default settings..

6) EVALUATION OF OUTCOMES

Evaluation is a crucial process aimed at determining the
effectiveness of the modeling efforts undertaken. During this
stage, the precision of the models will be assessed using a
confusion matrix and the Area Under the Curve (AUC) as
metrics to compare model performance. This study aims to
enhance the efficiency and accuracy of the C5.0, Random
Forest, and SVM classification models by addressing class
imbalance with the SMOTE resampling technique. SMOTE
was employed to correct class imbalance in the dataset while
maintaining an 80:20 ratio of training to testing data.

After applying the Synthetic Minority Over-sampling
Technique (SMOTE) to address class imbalance, the C5.0,
Random Forest, and Support Vector Machine (SVM)
algorithms were evaluated using a confusion matrix. The
effectiveness of the classification models is measured with the
AUC metric, assisted by SMOTE. The final results compare
the accuracy levels of classification models with and without
SMOTE to determine if its implementation improves the
accuracy of diabetes classification.

ILRESULT

A.C5.0 METHOD RESEARCH RESULTS

The study procured experimental outcomes by employing
the C5.0 method. To uphold model integrity, an 80:20 data
split and min-max normalization were incorporated during
the evaluation phase. Following validation, the model's
execution was assessed using a confusion matrix and AUC-
ROC analysis (FIGURE 3 (a)). The outcomes are detailed in
Table 5.

TABLE 5
precision AND AUC C5.0
Model precision AUC
C5.0 0.714 0.745
TABLE 6
CONFUSION MATRIX C5.0
Predicted Class
categorization -
Postive adverse
Actual: 17 7
favorable
Actual: adverse 37 93
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The C5.0 model underwent evaluation using an 80:20 data
split and min-max normalization. The precision of a given
measurement can be determined by analyzing the outcomes
presented by the confusion matrix Table 6. The assessment
resulted in a precision of 0.714 and an Area The model's
receiver operating characteristic (ROC) curve, as depicted in
Figure 2, resulted in an area under the curve (AUC) score of
0.745. This suggests a moderate ability to differentiate
between positive and negative classes. An AUC value in the
range of 0.70 to 0.80 is generally considered "Fair" by
commonly accepted standards. Although the AUC of 0.745
implies that the model performs reasonably well, it also
highlights potential areas for improvement. A higher AUC
indicates better performance in terms of classification and
discrimination ability.

B. RANDOM FOREST RESEARCH RESULTS

The present study produced experimental findings by
employing the Random Forest approach. To ensure model
consistency, a combination of 80:20 data and min-max
normalization was utilized during the evaluation phase.
Following validation, execution assessment of the model
was conducted by means of confusion matrix and AUC-ROC
measures (FIGURE 3 (b)). The outcomes are detailed in
TABLE 7:

TABLE 7
precision AND AUC RANDOM FOREST
Model precision AUC
Random Forest 0.733 0.824
TABLE 8
CONFUSION MATRIX C5.0
Predicted Class
categorization -
Postive adverse
Actual: 22 9
favorable
Actual: adverse 32 91

The Random Forest model was assessed using an 80:20 data
split and min-max normalization. The precision of a given
measurement can be determined by analyzing the outcomes
presented by the confusion matrix Table 8. There is no text
provided. The evaluation resulted in an accuracy of 0.733
and an Area Under the Curve (AUC) score of 0.824. The
model's receiver operating characteristic (ROC) curve,
shown in Figure 3, yielded an area under the curve (AUC)
value of 0.824. This indicates a decent capacity to distinguish
between the positive and negative classes. The AUC result is
within the range of "Good -categorization," which is
commonly considered as 0.80 to 0.90. The AUC value of
0.824 suggests that the model has decent performance, but it
also indicates that there is potential for improvement. A
higher area under the curve (AUC) indicates superior model
performance in terms of its ability to classify and
discriminate.

C. SVM METHOD RESEARCH RESULTS

Homepage: jeeemi.org

Experimental outcomes in this study were derived using the
SVM method. To maintain model integrity, an 80:20 data
split and min-max normalization were employed during the
evaluation phase. Once validated, the effectiveness of the
model was assessed using a confusion matrix and AUC-ROC
analysis (FIGURE 3 (c)), with the results shown in TABLE
9.

TABLE 9
precision AND AUC SVM
Model Precision AUC
SVM 0.746 0.799
TABLE 10
CONFUSION MATRIX SVM
L Predicted Class
categorization -
Postive adverse
Actual: 29 14
favorable
Actual: adverse 25 86

The efficacy of the support vector machine (SVM) model was
evaluated by dividing the data into an 80:20 ratio and applying
min-max normalization. The precision of a given
measurement can be determined by analyzing the outcomes
presented by the confusion matrix Table 10. The model
achieved a precision of 0.746 and an Area Under the Curve
(AUC) score of 0.799. The receiver operating characteristic
(ROC) curve for the model, as shown in Figure 4, yielded an
area under the curve (AUC) of 0.799, indicating a decent
ability to distinguish between positive and negative
classifications. This AUC value falls within the "Fair
categorization" range, which is typically defined as 0.70 to
0.80. Although the AUC 0f 0.799 is indicative of a model with
reasonable performance, it highlights that there is room for
improvement. A greater Area Under the Curve (AUC) shows
that the model has better performance in terms of its ability to
classify and discriminate across different categories.

D. C5.0 WITH SMOTE RESEARCH RESULTS

In this study, the C5.0 + SMOTE approach was utilized to
obtain experimental outcomes. To maintain model integrity,
a combination of an 80:20 data split and min-max
normalization was employed during the evaluation process.
Following the validation phase, model execution was
assessed using a confusion matrix and AUC-ROC analysis
(FIGURE 3 (d)). The outcomes are detailed in Table 11.

TABLE 11
precision AND AUC C5.0 + SMOTE
Model precision AUC
C5.0 + SMOTE 0.603 0.734
TABLE 12
CONFUSION MATRIX C5.0 + SMOTE
L Predicted Class
categorization .
Postive adverse
Actual: 50 57
favorable
Actual: adverse 4 43
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FIGURE 3. (a) ROC curve of C5.0, (b) ROC curve of Random Forest, (c) ROC curve of SVM, (d) ROC curve of C5.0 + SMOTE, (e) ROC curve of
Random Forest + SMOTE, (f) ROC curve of SVM + SMOTE

The C5.0+ SMOTE model was assessed using an 80:20 data
split and min-max normalization. The precision of a given
measurement can be determined by analyzing the outcomes
presented by the confusion matrix Table 12. The evaluation
resulted in a precision of 0.603 and an Area Under the Curve
(AUC) score of 0.734. The model's receiver operating
characteristic (ROC) curve, shown in Figure 2, yielded an area
under the curve (AUC) value of 0.734. This indicates a decent
ability to distinguish between the positive and negative
classes. The AUC value is categorized as "Fair" according to
the commonly accepted range of 0.70 to 0.80. The AUC value
of 0.734 suggests that the model performs reasonably well, but
it also indicates that there is potential for improvement. A
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higher AUC significantly stronger model performance in
terms of its ability to classify and discriminate.

E. RANDOM FOREST WITH SMOTE RESEARCH
RESULTS

In this study, experimental outcomes were derived by
employing the Random Forest + SMOTE method. In order
to maintain the integrity of the model, a data split of 80:20
and min-max normalization were utilized during the
evaluation phase. Following the validation process, the
performance of the model was assessed by utilizing a
confusion matrix and conducting AUC-ROC analysis
(FIGURE 3 (f)). The findings are consistently displayed in
Table 13.
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TABLE 13
precision AND AUC C5.0 + SMOTE
Model precision AUC
Random Forest +  0.727 0.831
SMOTE
TABLE 14
CONFUSION MATRIX RANDOM FOREST + SMOTE
L Predicted Class
categorization -
Postive adverse
Actual: 44 32
favorable
Actual: adverse 10 68

The Random Forest + SMOTE model was assessed using an
80:20 data split and min-max normalization. The precision
of a given measurement can be determined by analyzing the
outcomes presented by the confusion matrix Table 14. The
evaluation yielded an accuracy of 0.727 and an Area Under
the Curve (AUC) score of 0.831. The receiver operating
characteristic (ROC) curve for the model, depicted in Figure
3, also produced an area under the curve (AUC) value of
0.831, suggesting a satisfactory capability to differentiate
between the positive and negative classes. This AUC value
falls within the "Good categorization" range, which is
typically defined as 0.80 to 0.90. Although the AUC 0f0.831
is indicative of a model with reasonable performance, it
highlights that there is room for improvement. A higher
AUC would suggest better model performance in terms of
classification and discrimination capabilities.

F. SVM WITH SMOTE RESEARCH RESULTS

In this study, experimental outcomes were reached by
utilizing the SVM + SMOTE method. To maintain model
integrity, an 80:20 data split and min-max normalization
were employed during the evaluation process. After
validation, the model's execution was evaluated using a
confusion matrix and AUC-ROC analysis (FIGURE 3 (a)).
The results are specified in Table 15.

TABLE 15
precision AND AUC SVM + SMOTE
Model precision AUC
SVM + SMOTE 0.727 0.794
TABLE 16
CONFUSION MATRIX SVM + SMOTE
L Predicted Class
categorization -
Postive adverse
Actual: 36 24
favorable
Actual: adverse 18 76

The SVM + SMOTE model's performance was assessed by
employing an 80:20 data division and min-max
normalization. The precision of a given measurement can be
determined by analyzing the outcomes presented by the
confusion matrix Table 16. The evaluation yielded an
accuracy of 0.727 and an Area Under the Curve (AUC) score
0f 0.794. The ROC curve of the model, depicted in Figure 3,
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resulted in an AUC value of 0.794. This suggests a
commendable proficiency in discerning between the good
and negative categories. The AUC value is categorized as
"Fair" according to the range of 0.80 to 0.90. The AUC value
of 0.794 suggests that the model has a reasonably good
performance, but it also indicates that there is potential for
further improvement. A higher AUC signifies a more
exceptional model performance in terms of its classification
and discrimination capabilities.

IV.DISCUSSION

This study uses the Indian Pima Diabetes dataset, which
contains 768 records with 8 attributes and 1 output label. The
validation process includes using min-max normalization to
scale the dataset values between 0 and 1 to improve model
performance. The data is split into an 80:20 ratio for training
and testing. The classification methods applied are C5.0,
Random Forest, and SVM. Additionally, the SMOTE
technique is used to address class imbalance in the dataset.
Using the C5.0 model, the study analyzed diabetes
classification in the Indian Pima Diabetes dataset, achieving
an accuracy of 0.714 and an AUC of 0.745 according to the
confusion matrix results. The AUC benchmark categorizes
this result as "Fair classification," indicating that the C5.0
model has a balanced ability to differentiate between diabetic
and non-diabetic cases in the dataset.

The implementation of the Random Forest algorithm results
in increased effectiveness when classifying diabetes data,
with an accuracy of 0.733 and an AUC score of 0.824.
According to AUC benchmark standards, this result falls
within the "Good classification" range, suggesting that the
Random Forest model has a strong ability to distinguish
between diabetes and non-diabetes cases.

The application of the SVM model has improved evaluation
outcomes for diabetes classification, showing an increase in
accuracy to 0.746. However, there was a slight decrease in
AUC to 0.799. According to the AUC reference, this result
is considered "Fair classification," indicating that the SVM
model does not significantly improve in distinguishing
between individuals with and without diabetes.

Utilizing the SMOTE and C5.0 amalgamation, the
evaluation outcomes obtained by scrutinizing the confusion
matrix and AUC for diabetes data categorization exhibit a
diminution in efficacy when contrasted by the pre-SMOTE
equilibrium phase, presenting an precision of 0.603 and an
AUC value of 0.734. According to the AUC benchmark, this
outcome drops into the "Fair categorization" category. It
suggests that the SMOTE + C5.0 model does not produce
substantial outcomes in distinguishing among diabetic and
non-diabetic cases.

Employing the combination of SMOTE and Random Forest,
the evaluation outcomes derived by the confusion matrix and
AUC for diabetes data categorization demonstrate a decrease
in execution compared to the pre-SMOTE balancing phase,
by an precision value of 0.727. Nevertheless, there has been
arise in the area under the curve (AUC) by a precise amount
of 0.831. Based on the AUC benchmark, this output falls
inside the "Good categorization" category. The SMOTE +
Random Forest model demonstrates a significant capability
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to distinguish between persons with diabetes and those
without.

By applying the SMOTE-SVM approach, the evaluation of
diabetes data categorization through confusion matrix and
AUC analysis indicates a decline in execution when
compared to the pre-SMOTE balancing phase. The precision
value stands at 0.727 while the AUC value is 0.794. As per
the AUC benchmark, this outcome drops under "Fair
categorization" category. It suggests that the SMOTE +
SVM model does not exhibit significant outcomes in
distinguishing among diabetic and non-diabetic instances.
The evaluation outcomes are outlined in Table 17.

TABLE 17
AUC categorization OF DIABETES DATA

Model precision AUC
C5.0 0.714 0.745
Random Forest 0.733 0.824
SVM 0.746 0.799

C5.0 + SMOTE 0.603 0.734
Random Forest +  0.727 0.831
SMOTE

SVM + SMOTE 0.727 0.794

In this study, a decline in categorization outcomes was
observed subsequent to the utilization of SMOTE for
addressing data imbalance. Evaluation findings indicate that
the Random Forest model, which has been balanced via
SMOTE, exhibits superior execution by respect to AUC
values when compared to alternative models. Conversely,
the SVM model demonstrates better precision value
execution relative to other models. Comparing the outcomes
of testing the three models by and byout the utilization of
SMOTE, as illustrated in FIGURE 4 below, suggests that
there's no notable alteportionn following the implementation
of SMOTE to address data imbalance in the analyzed models
using the Pima Indian Diabetes dataset.

Comparison of Accuracy and AUC Values on Pima
Indian Diabetes Dataset

0.824

1
0.745 0733

0.799 0.831  0.794
0.8 0.714 7

0.746 0.734 0.72%, 0.72

; 0.603
206
@
8 04
-9
0.2
0

C5.0 Random SVM C5.0+ Random SVM +
Forest SMOTE Forest + SMOTE
SMOTE

B Accuracy ®AUC

FIGURE 4. Precision and AUC Value Comparison Chart

Based on the analysis of the study findings, it is clear that
incorporating SMOTE into the C5.0, Random Forest, and
SVM algorithms for diabetes classification results in similar
accuracy levels before and after SMOTE integration. This
suggests that applying the Synthetic Minority Over-sampling
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Technique (SMOTE) does not improve the classification
accuracy when using the Pima Indian Diabetes dataset. Some
classification algorithms might tend to overfit after applying
SMOTE.

Additionally, the study considered the AUC (Area Under
Curve) value. In the Random Forest trial without SMOTE,
the AUC was 0.824. However, with SMOTE included, the
AUC increased to 0.831, indicating effective classification.
Overall, the results suggest that incorporating SMOTE into
the C5.0, Random Forest, and SVM techniques for
classifying diabetes using the Pima Indian dataset did not
result in a significant improvement in classification
accuracy. This validation confirms that SMOTE does not
significantly enhance the model's ability to detect diabetes.
It can be concluded that SMOTE is not a crucial resampling
technique for addressing class imbalance to improve the
performance and effectiveness of the C5.0, Random Forest,
and SVM classification models.

Upon further examination, juxtaposing the findings of
this study by prior study reveals that the integration of C5.0,
Random Forest, and SVM techniques by SMOTE does not
yield superior results in categorizing the Pima Indian
Diabetes dataset. This discrepancy arises from the fact that
the amalgamated approach generates accuracy and AUC
metrics that exhibit minimal variation. Unlike previous
research that used other categorization methods, this study
utilized the Synthetic Minority Over-sampling Technique
(SMOTE). The results of the studies conducted by Sutoyo,
Ayu Wahyuning, Kusumarini, and Hasanah [5], [6], [8],
[10], while using different categorization techniques and
using SMOTE, could not attain accuracy and AUC values
that were equivalent to the ones found in the current study.
The findings indicate that the utilization of C5.0, Random
Forest, and SVM with SMOTE does not significantly
improve the accuracy of categorizing the Pima Indian
Diabetes dataset. This analysis also facilitates understanding
of the efficacy of the tactics and algorithms employed in this
study in producing superior outcomes in comparison to prior
methodologies.

However, this study is limited by the use of a small
dataset, both in terms of the number of patients and the
available features. Additionally, there is a significant class
imbalance, with the majority of patients belonging to the
non-diabetic group. These factors can impact the results.
Therefore, future research should use a larger and more
diverse dataset that includes a greater number of patients and
relevant diabetes-related attributes. This approach will lead
to more accurate and comprehensive results. Despite these
limitations, the study successfully demonstrated that
applying SMOTE to the C5.0, Random Forest, and SVM
techniques did not significantly improve the accuracy of
diabetes classification.

V.CONCLUSIONS

Based on the results from the study using the Indian Pima
Diabetes dataset, the C5.0 classification model achieved an
accuracy of 0.714 and an AUC of 0.745, placing it in the "Fair
categorization" range. The Random Forest model achieved an
accuracy of 0.733 and an AUC of 0.824, classified as "Good
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categorization." The SVM model attained an accuracy of
0.746 and an AUC of 0.799, also considered "Fair
categorization."

When SMOTE was applied, the C5.0 model had an

accuracy of 0.603 and an AUC of 0.734, still within the "Fair
categorization" range. The Random Forest model with
SMOTE achieved an accuracy of 0.727 and an AUC of 0.831,
which is classified as "Good categorization." The SVM model
with SMOTE resulted in an accuracy of 0.727 and an AUC of
0.794, which falls under "Fair categorization."
The study concludes that using SMOTE did not significantly
improve the performance of the three classification models on
the Indian Pima Diabetes data. This is likely due to overfitting,
where the model becomes too complex and overly tailored to
the training data, making it too reliant on the synthetic data
generated by SMOTE for the minority class. As a result, there
is a decrease in model performance, leading to lower accuracy
and AUC scores.

The results of this study indicate that using the CS5.0,
Random Forest, and SVM classification algorithms along with
the SMOTE technique to address class imbalance does not
significantly improve accuracy when categorizing Indian
Pima Diabetes data. However, to enhance the effectiveness of
these algorithms and techniques, future research should focus
on several key areas. One important aspect to address in future
studies is the use of larger and more diverse datasets.
Additionally, exploring alternative methods to tackle class
imbalance could be a promising area for further research, as
these efforts may reveal techniques that significantly improve
the accuracy of diabetes classification. Finally, future studies
should prioritize a comprehensive and varied evaluation
process to ensure that any improvements in classification
accuracy are genuinely due to the appropriate methods. By
focusing on these factors, future research is expected to
produce more accurate and thorough results in diabetes data
classification.
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