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Article history This research aims to evaluate the performance of three algorithms data
mining, namely C4.5, Random Forest, and Catboost Classifier, which are
strengthened by Adaptive Boosting in predicting diabetes mellitus in
humans. Through analysis, it was found that the C4.5 algorithm is based
on Adaptive Boosting obtained an average accuracy of 73.74%, precision
of 61.39%, and recall amounting to 69.00%. Random Forest algorithm
Keywords: based on Adaptive Boosting shows an average accuracy of 73.52%,
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Catboost Classifier algorithm is Adaptive based Boosting has an average
accuracy of 73.67%, precision of 61.19%, and recall was 69.18%. Thus,
although all three algorithms shows similar performance, the Cj4.5
algorithm based on Adaptive Boosting stands out with better performance
in terms of accuracy, precision and recall. The implication of this research
is that the use of the C4.5 algorithm is based Adaptive Boosting can be a
more effective approach to support early detection of diabetes mellitus in
humans.
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1. Introduction

Diabetes mellitus is a chronic metabolic disease or disorder with multi etiology which is characterized
by high blood sugar levels accompanied by with disorders of carbohydrate[1][2], lipid and protein
metabolism as a consequence insufficiency of insulin function[3][4][5]. In Indonesia, diabetes mellitus
is the cause The sixth most common death, after conditions related to childbirth[6][1]. In 2021, around
19.5 million individuals will be diagnosed with diabetes mellitus, making Indonesia ranked fifth
globally in terms of highest number of diabetes patients. Untreated and untreated diabetes identified
can cause serious complications in sufferers[7][8]. By Therefore, it is very important to carry out early
detection of diabetes mellitus because if this disease is left for too long without treatment[9], it can
resulting in dangerous complications such as kidney failure, damage to organ function others up to a
heart attack[10].

From a computer science perspective, the process of early detection of diabetes mellitus in humans
can do this through information technology by applying techniques data mining[11][12][13][14]. Data
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mining involves a series of actions or processes to discover meaningful relationships through patterns
and trends in large data sets using various methods and algorithms[is]. Advantages of using
information systems and data mining techniques is its ability to perform early detection of diabetes
mellitus in humans quickly[14][16][16][13]. Additionally, with data mining, the detection process can
involve several parameters so not only relying on just one parameter[17][18]. Parameters such as age,
weight, pressure blood, and other relevant factors can be included, resulting in more accurate
detection results[19][20][21].

There are several previous studies that implemented the technique data mining in predicting
diabetes mellitus[22][12][23][24]. Research conducted in 2023 implementing the Random Forest
algorithm in detection early onset of diabetes mellitus in humans[25][26][9]. Algorithm performance
evaluation results Random Forest for predicting diabetes gets an accuracy of 77.06%, precision of
71.43%, recall of 47.30%, and classification error amounted to 22.94% [27]. The next research will be
carried out in 2023 implementing the Decision Tree C4.5 algorithm in carrying out classification
diabetes mellitus[28][29]. Performance evaluation results of the Decision Tree C4.5 algorithm for the
classification of diabetes, the accuracy was 79%, precision of 78%, recall of 45%, and Fi-score of 57%
[30]. Contribute to This research is to conduct a comparative study using a data algorithm mining that
has been implemented in previous research is Random Forest and C4.5 in predicting diabetes mellitus
in humans. As a distinction from previous comparative studies, 1 was added Another algorithm, namely
the Catboost Classifier, has not yet been discovered by research a type that compares these algorithms.
The three algorithms This is also combined with Adaptive Boosting so that it can improve the accuracy
performance of the three algorithms.

2. Methods

This type of research is using quantitative types of research namely systematic scientific research on
parts and phenomena as well the quality of the relationships[31][32]. The aim of quantitative research
is develop and use mathematical models, theories or hypotheses relating to natural phenomena[33].
In this case, research The research carried out focuses on comparing the C4.5, Random Forest, and
algorithm Catboost Classifier based on Adaptive Boosting to predict diseases diabetes mellitus in

humans[34][35][36].

2.1 Work Procedures
In this research, the work procedures for the research to be carried out can be seen in Figure 1.

Implementation Algorithm
Dataset Process Stages of datamining Performance
algorithm Evaluation
Results B Compara‘tlve
« analysis

Figure 1. Work Procedure [36]
2.2 Dataset
The dataset used in this research was taken from the Kaggle website, namely the Pima Indians Diabetes
Database with a total of 768 records. Table 1 shows the dataset used in this research.

Table 1. Research Datase

No Pregnancies Glucose Blood .Skm Insulin BMI DPF Age Outcome
Pressure Thickness

1 6 148 72 35 ) 33.6 0.627 50 1

Comparison of data mining algorithms (random forest, C4.5, catboost) based on adaptive boosting in predicting
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Blood Skin

No Pregnancies Glucose . Insulin BMI DPF Age Outcome
Pressure Thickness
2 1 85 66 29 o 26.6 0.351 31 o
3 8 183 64 o o 23.3 0.672 32 1
4 1 89 66 23 94 28.1 0.167 21 o
5 o 137 40 35 168 431 2.288 33 1
6 5 16 74 o o 25.6 0.201 30 o
7 3 78 50 32 88 31 0.248 26 1
8 10 15 o o o 35.3 0.134 29 o
9 2 197 70 45 543 30.5 0158 53 1
266 5 121 72 23 12 26.2 0.245 30 o
267 1 126 60 o o 30.1 0.349 47 1
268 1 93 70 31 o 30.4 0.315 23 o

2.3 Pre-processing stages

The data pre-processing stage in this research was carried out using the average imputation method,
which is a method for dealing with missing data in the dataset. In this process, missing values in a
feature (column) are replaced with the average value of that feature. This method helps maintain
consistency and integrity of data in the dataset. The pre-processing process was carried out directly
using the Python programming language using Google Colab.

2.4 Implementation of Data Mining Algorithms

At this stage, the three data mining algorithms that will be analyzed in this research are implemented,
namely the C4.5 algorithm, Random Forest, Catboost Classifier based on Adaptive Boosting in
predicting diabetes mellitus in humans. The algorithm implementation was written using the Python
programming language using Google Colab.

2.5 Algorithm Performance Evaluation
Evaluation of algorithm performance in this research was carried out using a Confusion Matrix, namely
a cross-tabulation of positive and negative class data grouped into predicted and actual classes.

2.6 Comparative Analysis

At this stage, a comparative analysis of the three data mining algorithms implemented in this research
was carried out before and after implementing Adaptive Boosting. The results of the comparative
analysis show[36].

2.7 Result
The results of the research are in the form of a comprehensive discussion of the analysis that has been
carried out, described in detail and linked to previous research.

3. Result and Discussion

The test results obtained in this research were processed using Google Colab where the aim of this
research was to determine the performance of the C4.5 algorithm, Random Forest, and Catboost
Classifier based on Adaptive Boosting in predicting diabetes mellitus in humans.

3.1 Preparing Datasets
The total data available is 768 data. This figure, Figure 2, shows the data set used in this research.
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Figure 2. Research Dataset

There are g variable attributes in the data set used in this research, including: number of pregnancies
(pregnancies), blood sugar levels (glucose), blood pressure (blood pressure), skin thickness, insulin,
Body Mass Indeix (BMI), indicators of family history of diabetes (diabetes pedigree function), age and
diagnosis results (outcome). In the dataset used in this research, there was still some data that was
found to have no value or was often called missing value, so preprocessing of the dataset needed to be
carried out.

3.2 Data Preprocessing Results

The data preprocessing stages in this research were carried out using Google Collab based on Python
programming. Before implementing the data mining algorithm, a preprocessing stage was carried out
using the average imputation method where the value was o for the attributes of blood glucose levels,
blood pressure, skin thickness, insulin, and body mass. Index (BMI). Below, Figure 3 shows examples
of results before and after data preprocessing is carried out.

Dataset Sebelum Preprocessing:

Pregnancies Glucose BloodPressure SkinThickness Insulin  BMI %
8 6 148 72 35 8 33.6
1 1 a5 66 29 @ 26.6
2 8 183 64 a @ 23.3
3 1 29 66 23 04 28.1
4 8 137 48 35 168 43.1

DiabetesPedigreeFunction Age Outcome
8 8.627 5@ 1
1 @.351 31 8
2 8.672 32 1
3 @.167 21 8
4 2,288 33 1
Dataset setelah imputasi:

Pregnancies Glucose BleoodPressure SkinThickness Insulin  BMI
8 6 148.8 72.8 35.08@08e  79.799472 33.6
1 1 8s.8 66.0 29.p@abea  79.700470 26.6
2 2 183.8 64.8 2@8.536458  79.700472 23.3
3 1 80.@ 66.0 23.000008 Oo4.@0@800 28.1
4 8 137.@ 48.8 35.peebee 162.c000808 43.1

DiabetesPedigreeFunction Age Outcome
5} @8.627 5@ 1
1 @.351 31 8
2 a.672 32 1
3 a.167 21 8
4 2.288 33 1

Figure 3. Example of Dataset Preprocessing Results
In Figure 3, it can be seen especially in the data in the red box where in the insulin and skin thickness
attributes there is data with a value of o so that the average imputation process is carried out to have
an average value based on each attribute.
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3.3 Data Mining Algorithm Implementation Results

In this research, the implementation of the data mining algorithm aims to determine the performance
of the C4.5 algorithm, Random Forest, and Catboost Classifier based on Adaptive Boosting in
predicting diabetes mellitus in humans. The process of implementing data mining algorithms is used
with Google Colab tools using the Python programming language as shown in Figure 4.

& Komparasi With Adaboost.ipynb
J,\,,,w hat i eI et » * °°
= Fe % | " 2
Qo Bz B e n2e.
o
e B
1
=)
=

Figure 4. Data Mining Algorithm Implementation Results

3.4 Algorithm Performance Evaluation Results

After the data mining algorithm is implemented and produces a model, the resulting model is then
tested using a Confusion Matrix with a comparison between testing data and training data, namely the
first test is 10:90, the second test is 20:80, and the third test is 30:70. The following are the results of
the performance evaluation of the data mining algorithms tested in this research, including:

a) Performance evaluation results of the C4.5 algorithm based on Adaptive Boosting.
The first test was with 10% testing data and 9o% training data.
Confusion Matrix - Adaboost with C4.5 (Decision Tree)
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Figure 5. Confusion Matrix Plot of C4.5 Algorithm Based on Adaptive Boosting with 10% Testing Data and 90%
Training Data
Based on Figure 3.4, it can be seen that the performance of the C4.5 algorithm based on
Adaptive Boosting in the first test produced an accuracy of 75.32%, precision of 64.29%, recall
of 66.67%, and misclassification error of 24.68%.
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The second test was with 20% testing data and 80% training data.
Confusion Matrix - Adaboost with C4.5 (Decision Tree)
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Figure 6. Confusion Matrix Plot of C4.5 Algorithm Based on Adaptive Boosting with 20% Testing Data and 80%
Training Data

Based on Figure 3.5, it can be seen that the performance of the C4.5 algorithm based on
Adaptive Boosting in the second test produced an accuracy of 74.03%, precision of 62.30%,
recall of 69.09%, and misclassification error of 25.97%.
The third test is with 30% testing data and 70% training data.
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Figure 7. Confusion Matrix Plot of C4.5 Algorithm Based on Adaptive Boosting with 30% Testing Data and 70%
Training Data
Based on Figure 7, it can be seen that the performance of the C4.5 algorithm based on Adaptive
Boosting in the third test produced an accuracy of 71.86%, precision of 57.58%, recall of 71.25%,
and misclassification error of 28.14%.

Comparison of data mining algorithms (random forest, C4.5, catboost) based on adaptive boosting in predicting
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b) Performance evaluation results of the Random Forest algorithm based on Adaptive Boosting.
The first test was with 10% testing data and 90% training data.
Confusion Matrix - Adaboost with Random Forest
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Figure 8. Confusion Matrix Plot of Random Forest Algorithm Based on Adaptive Boosting with 10% Testing Data
and 90% Training Data
Based on Figure 8., it can be seen that the performance of the Random Forest algorithm based
on Adaptive Boosting in the first test produced an accuracy of 71.43%, precision of 58.06%,
recall of 66.67%, and misclassification error of 28.57%.
The second test was with 20% testing data and 80% training data.
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Figure 9. Confusion Matrix Plot of Random Forest Algorithm Based on Adaptive Boosting with 20% Testing Data
and 80% Training Data
Based on Figure 9, it can be seen that the performance of the Random Forest algorithm based
on Adaptive Boosting in the second test produced an accuracy of 75.97%, precision of 66.07%,
recall of 67.27%, and misclassification error of 24.03%.
The third test is with 30% testing data and 70% training data.
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Figure 10. Confusion Matrix Plot of Random Forest Algorithm Based on Adaptive Boosting with 30% Testing Data
and 70% Training Data
Based on Figure 10, it can be seen that the performance of the Random Forest algorithm based
on Adaptive Boosting in the third test produced an accuracy of 73.16%, precision of 61.25%,
recall of 61.25%, and misclassification error of 26.84%.
c) Performance evaluation results of the Catboost Classifier algorithm based on Adaptive
Boosting.
The first test was with 10% testing data and 90% training data.
Confusion Matrix - Adaboost with CatBoost Classifier
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Figure 11 Confusion Matrix Plot of Catboost Classifier Algorithm Based on Adaptive Boosting with 10% Testing Data
and 90% Training Data

Based on Figure 11, it can be seen that the performance of the Catboost Classifier algorithm based on
Adaptive Boosting in the first test produced an accuracy of 71.43%, precision of 57.58%, recall of 70.37%,
and misclassification error of 28.57%.

The second test was with 20% testing data and 80% training data

Comparison of data mining algorithms (random forest, C4.5, catboost) based on adaptive boosting in predicting
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Confusion Matrix - Adaboost with CatBoost Classifier
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Figure 12 Confusion Matrix Plot of Catboost Classifier Algorithm Based on Adaptive Boosting with 20% Testing Data and 80%
Training Data

Based on Figure 12, it can be seen that the performance of the Catboost Classifier algorithm based on

Adaptive Boosting in the second test produced an accuracy of 74.68%, precision of 62.90%, recall of

70.91%, and misclassification error of 25.32%.

The third test is with 30% testing data and 70% training data.
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Figure 13. Confusion Matrix Plot of Catboost Classifier Algorithm Based on Adaptive Boosting with 30% Testing Data and 70%
Training Data

Based on Figure 13, it can be seen that the performance of the Catboost Classifier algorithm based on
Adaptive Boosting in the third test resulted in an accuracy of 74.89%, precision of 63.10%, recall of
66.25%, and misclassification error of 25.11%.
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3.5 Comparative Analysis Results.

After the algorithm performance evaluation process has been carried out, a comparison of the three
algorithms tested in this study is then carried out to find out which algorithm is superior in predicting
diabetes mellitus in humans. The results of the comparative analysis are presented in Table 2 below.

Table 2. Algorithm Comparative Analysis Results

Data . . Missclassification
Algoritma Testing:Data Akurasi Presisi Recall Error
Trﬂining * *% * *% * *% * *%
10:90 74,03 75,32 62,07 64,29 66,67 66,67 25,97 24,68
20:80 72,08 74,03 5938 6230 69,09 69,09 27,92 25,97
Cq5 30:70 6883 71,86 5417 5758 6500 71,25 3117 28,14
Rata-Rata 71,65 73,74 58,54 61,39 66,092 69,00 28,35 26,26
10:90 70,13 71,43 56,67 58,06 62,96 66,67 29,87 28,57
20:80 76,62 75,97 66,10 66,07 70,91 67,27 23,38 24,03
Random Forest 30:70 74,03 73,16 62,20 61,25 63,75 61,25 25,97 26,84
Rata-Rata 7359 7352 6166 6179 6587 65,06 26,41 26,48
10:90 74,03 7,43 62,07 5758 66,67 7037 25,97 28,57
Catboost 20:80 74,03 7468 6415 62,90 6182 70,01 25,97 2532
Classifier 30:70 74,03 74,89 62,82 63,10 61,25 66,25 25,97 25,11
Rata-Rata 7403 73,67 6301 6119 6325 69,8 25,97 26,33
Description:

* = Non Adaptive Boosting
** = Adaptive Boosting

4. Conclusion

Based on the research that has been carried out, conclusions are drawn The performance of the C4.5
algorithm based on Adaptive Boosting obtained average accuracy of 73.74%, precision of 61.39%, recall
of 69.00%, and misclassification error of 26.26%. Performance of the Random Forest algorithm
Adaptive Boosting based obtained an average accuracy of 73.52%, precision of 65.79%, recall of 65.06%,
and misclassification error of 26.48%. Performance of Catboost Classifier algorithm based on Adaptive
Boosting obtained an average accuracy of 73.67%, precision of 61.19%, recall amounted to 69.18%, and
misclassification error amounted to 26.33%. The research results show that the performance of the C4.5
based algorithm Adaptive Boosting is superior to Random Forest algorithms and Catboost Classifier is
based on Adaptive Boosting. While this study provides valuable insights into the predictive performance
of C4.5, Random Forest, and Catboost Classifier algorithms with Adaptive Boosting in predicting
diabetes mellitus, several limitations should be acknowledged. Firstly, the findings are contingent upon
the specific dataset used for analysis, potentially limiting the generalizability of the results. Moreover,
the study focuses solely on these three algorithms, neglecting the exploration of other potentially
effective models or ensemble methods. Additionally, the evaluation metrics employed, though
common, may not fully capture the nuances of algorithm performance, especially in imbalanced
datasets. Furthermore, the study may not have exhaustively explored all parameter settings for each
algorithm, leaving room for further investigation into optimal parameter tuning strategies. Despite
these limitations, the research presents promising avenues for future exploration. Firstly, researchers
could delve into advanced feature engineering techniques to enhance the predictive power of the
models, specifically tailored to diabetes mellitus prediction. Secondly, exploring novel ensemble
strategies or hybrid approaches could lead to improved predictive accuracy and robustness.
Additionally, incorporating temporal analysis techniques could capture dynamic patterns in health
data, enabling early detection and intervention for individuals at risk of developing diabetes mellitus.
Moreover, enhancing the interpretability and explainability of the models is crucial for their acceptance
in clinical settings, warranting further research in this area. Finally, validating the findings on external
datasets from diverse populations and healthcare settings could ascertain the generalizability and

Comparison of data mining algorithms (random forest, C4.5, catboost) based on adaptive boosting in predicting
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applicability of the C4.5 algorithm with Adaptive Boosting in supporting early detection of diabetes
mellitus.
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