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Abstract

One of the data mining processes that is often used in machine learning is the data classification process. A decision tree is a
classification algorithm that has the advantage of being easy to visualize because of its simple structure. However, the decision tree
algorithm is quite susceptible to incorrect classification calculations due to the presence of noise in the data or imbalance in the data,
which can reduce the overall level of accuracy. Therefore, the decision tree algorithm should be combined with other methods that
can increase the accuracy of classification performance. Machine Learning is used through an artificial intelligence approach to solve
problems or carry out optimization. Adaptive Boosting is used to optimize classification calculations. This study aims to examine
the performance of Adaptive Boosting in the process of classifying second-degree diabetes mellitus patients using the Decision Tree
algorithm. Diabetes mellitus is known as a chronic condition of the human body, the cause of which is an increase in the body's
blood sugar levels because the body is unable to produce insulin or is unable to utilize insulin effectively, which is usually referred
to as hyperglycemia.. By using a 60:40 data split, the Decision Tree algorithm produces an accuracy value of 95.71%, while the
Adaptive Boosting-based Decision Tree results reach a value of 98.99%.
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Introduction

Diabetes mellitus is known as a chronic condition of the human body, the cause of which is an increase in the body's
blood sugar levels because the body is unable to produce insulin or is unable to utilize insulin effectively, which is
usually referred to as hyperglycemia.(Suryati & Kep, 2021). Symptoms of severe hyperglycemia can include polydipsia,
polyuria, polyphagia, unexplained weight loss, fatigue, decreased performance, impaired vision, and susceptibility to
infection with ketoacidosis or non-ketoacidosis (Muhlisin, 2019). The classification of diabetes mellitus is divided into
two levels, namely grade one and grade two diabetes mellitus(Prabowo et al., 2021). First-degree diabetes mellitus is a
condition where there is an abnormality in the production of insulin, the way insulin works, or an abnormality in
both(Fatimah, 2015). Second-degree diabetes mellitus is also often referred to as lifestyle diabetes(Sibarani, 2023).

In 2021, the International Diabetes Federation (IDF) researched that there are around 537 million people of average
adult age worldwide (age range 20-79 years) who suffer from diabetes, which is equivalent to 1 in 10 people(Suprayitna
et al., 2023). Indonesia is ranked fifth because the number of sufferers is around 19.47 million people(Sudargo et al.,
2018). IDF also notes that 4 out of 5 people with diabetes (or around 81%) are residents of low to middle-income
countries(Sudargo et al., 2018). Therefore, the IDF estimates that there are still around 44% of adults who suffer from
diabetes but have not been diagnosed. Grade 2 diabetes mellitus is one of the most common types of diabetes, with
around 90% of all diabetes mellitus cases falling into this category (Horizon, 2021).
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As time progresses, Machine Learning (ML) is used through an artificial intelligence (Al) approach to solve problems
or carry out optimization(Ula et al., 2021). One of the algorithms that performs optimization is the Adaboost algorithm.
Adaboost is used to boost accuracy results to produce better accuracy values. Accuracy by utilizing the Adaboost
algorithm is used to evaluate performance in machine learning(Byna & Basit, 2020),(Kong et al., 2020). The definition
of accuracy is the degree to which predicted values correlate with actual values(Argina, 2020). In searching for
information or knowledge to be more accurate from data, there is a computational process that generally needs to use
data mining in the form of predictions, descriptions, estimates, clustering, classification, and associations. (Urva et al.,
2023). By the needs and characteristics of a case, to determine the latest knowledge pattern of existing data.
Classification is one of the data mining processes most often implemented in processing data(Tangkelayuk, 2022).
Classification is a process where models or functions are used to describe and separate certain classes of data(Kusuma
et al., 2023). The purpose of this classification is to predict the class of objects that do not yet have a known class
label(Lorena Br Ginting et al., 2015). In completing a computation using classification techniques, of course, various
algorithms can be used, such as the Naive Bayes algorithm, K-Nearst Neighbor (KNN), and Support Vector Machine
(SVM), but the algorithm that is quite popular in handling data classification cases is Decision Tree (Permana et al.,
nd).

The classification method using the decision tree algorithm has various advantages that can be highlighted(Fajri, 2015).
One of them is its ability to present decision tree visualizations that are easy to interpret. Apart from that, decision trees
are also able to provide a high level of accuracy and are efficient in classifying attributes, both discrete and numerical
data.(Pirmansyah & Wahyudi, 2023). Decision trees can overcome the problem of overfitting on continuous attributes,
choose appropriate attribute selection, and produce efficient calculations(Junita & Bachtiar, 2019).

However, the decision tree algorithm is quite vulnerable to incorrect classification calculations due to the presence of
noise in the data or imbalance in the data, which can reduce the overall level of accuracy.(Bisri & Wahono, 2015).
Therefore, the decision tree algorithm should be combined with other methods that can increase the accuracy of
classification performance(Iftikar & Sibaroni, 2022). One algorithm that can improve classifier performance is
AdaBoost (Adaptive Boosting)(Pradana, 2018). This method assigns different weights to the training data distribution
in each iteration. At each iteration, AdaBoost adds weight to incorrect classifications and reduces weight to correct
classifications, effectively changing the distribution of the training data.(Nusrhendratno, 2022).

Several previous studies, such as research(Pebrianti et al., 2022)with the title "Implementation of the Adaboost Method
to Optimize Diabetes Classification with the Naive Bayes Algorithm™ have implemented the Naive Bayes algorithm to
optimize the accuracy of data classification and combined it with the AdaBoost method. This research concluded that
the Naive Bayes Algorithm produced an accuracy of 0.7608. Meanwhile, the Naive Bayes results boosted using the
AdaBoost algorithm were 0.7694.

In addition, research conducted by(Domas & Rakhmadi, 2022)with the title "Improving Decision Tree Performance
with AdaBoost for Classifying Lack of Transparency of Anti-Corruption Information™ concludes that the application of
the AdaBoost method in classifying class predictions is feasible to increase the level of better performance.
Experimental results show that the accuracy of the Decision Tree is 69.5%, while the average calculation results from
the Decision Tree using the AdaBoost method achieve greater accuracy, around 71.16%. In this research, researchers
will combine the AdaBoost method using the Decision Tree algorithm on a dataset of type 2 diabetes mellitus patients
provided on the kaggle.com site. Classification calculations using the RapidMiner tool.

Method
The research method for implementing the Adaptive Boosting Method in Increasing the Accuracy of Classification of

Type Two Diabetes Mellitus Patients Using the Decision Tree Algorithm is:

1. Research stage
The following are the stages carried out by the author in analyzing the application of the Adaptive Boosting
Method in increasing the accuracy of classification of type two diabetes mellitus patients using the Decision Tree
Algorithm(Aziz et al., 2023)are as follows:
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Formulation of the problem

Combining data mining methods to improve dataset classification accuracy.

Data retrieval

Pure Datasets | N Preprocessing New Datasets
Solution
Adaptive Boosting Decision Trees
L 2

Data Testing

Confusion Matrix

Result Comparison

Accuracy

Figure 1. Research Flow

The desired result of this research is to compare the accuracy results of the dataset classification process, using the
Decision Tree algorithm with the Decision Tree algorithm based on Adaptive Boosting.

Data preprocessing
The dataset used in this research is the Early Stage Diabetes Risk Prediction Dataset which contains data on

diabetes patients diagnosed with type two diabetes. (Hana, 2020). The amount of data used is 1,146 data records
which are public data taken from the kaggle.com site with the following dataset information, attention to Table 1:

Table 1. Dataset Information

Data Characteristics : Multivariate Amount of data : 1,146
Attribute Type : Nominal Missing Values : There is
Year of Donation : 2020 Information : Cleaning
Number of Attributes : 17 Number of Labels : 1

The dataset before cleaning was 1,146, then after using the examples filter feature the remaining dataset was 990,
because 156 data had missing values which had been deleted before processing. Then the 990 dataset is a new
dataset and is ready for classification processing.

Algorithm Testing

This research uses the Rapid Miner tool to test the algorithm, and the dataset is in CSV format which will be
imported into Rapid Miner using Read CSV.
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openin | 7| Turbo Prep ﬁ Auto Hodel Filter (1,14 /1,146 examples): | all -
Row No. class Age Gender Polyuria Polydipsia sudden wei.. | weakness Polyphagia

1 Positive 40 Male No Yes No Yes No &
2 Positive 58 Male No No No Yes No

3 Positive 41 Male Yes No No Yes Yes

4 Positive 45 Male No No Yes Yes Yes

5 Positive 60 Male Yes Yes Yes Yes Yes

6 Positive 55 Male Yes Yes No Yes Yes

7 Positive 57 lale Yes Yes No Yes Yes

8 Positive 66 lale Yes Yes Yes Yes No

9 Positive 67 lale Yes Yes No Yes Yes

10 Positive 70 lale No Yes Yes Yes Yes

11 Positive 44 lale Yes Yes No Yes No

12 Positive ES Male Yes Yes No No Yes

12 Positive ES Male Yes No No No Yes

14 Positive 61 Male Yes Yes Yes Yes Yes

15 Positive 60 Male Yes Yes No Yes Yes v
[
ExampleSet (1,146 examples, 1 special atiribute, 16 regular attributes)

Figure 2. Display of Dataset Imported to Rapid Miner

The initial dataset was 1,146 records. To carry out the data cleaning process, researchers use the Filter Examples
feature, which is as follows, attention to Figure 3:

Read CSV

Figure 3. Data Cleaning Process

B Create Filt

v Create Filters: filters
Defines the list of filters to apply.

|Age ¥ | | is notmissing A 4 b 4 °
Gender ¥ | isnotmissing A 7 ®
Polyuria ¥ | isnotmissing A 7 4
Polydipsia v is not missing v V4 x o
sudden weight loss ¥ | isnotmissing A ’ b 4
weakness ¥ | isnotmissing A 7 ®
Polyphagia ¥ | isnotmissing A 4 b 4
Genital thrush A is not missing A4 4 x
visual blurring v is not missing v Y x
Itching ¥ | isnotmissing A ’ b 4

v

® Watch ajl Match any +/| Preselect comparators ,J_ Add Entry ¢ oK x Cancel

Figure 4. Examples Filter Settings
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Figure 4. is the desired data filter setting. This data filter process aims to delete data records that have missing
values. The following is an overview of the data-cleaning process:

Openin Turbo Prep ﬁ Auto Model (HIIEH(TMEM,HE examples): ‘ all

Row No. class Age Gender Polyuria Polydipsia sudden wei... weakness Polyphagia

1 Positive 40 Male Mo Yes Mo Yes Mo A
2 Positive 58 Male No Mo No Yes No

3 Positive £y Male Yes No No Yes Yes

4 Positive 45 lale Mo Mo Yes Yes Yes

5 Pasitive 60 Male Yes Yes Yes Yes Yes

6 Positive 55 Male Yes Yes Mo Yes Yes

7 Positive 57 lale Yes Yes Mo Yes Yes

8 Positive 66 Male Yes Yes Yes Yes No

9 Positive 67 Male Yes Yes Mo Yes Yes

10 Positive 70 Male No Yes Yes Yes Yes

il Positive 44 Male Yes Yes No Yes No

12 Positive 38 lale Yes Yes Mo No Yes

13 Positive 35 Male Yes No MNo No Yes

14 Positive 61 Male Yes Yes Yes Yes Yes

(15 Positive 60 Male Yes Yes No Yes Yes 5 v

ExampleSet (1,146 examples, 1 special attribute, 16 regular attributes)

Figure 5. Dataset View Before Preprocessing

Figure 5 displays the number of datasets before cleaning, namely 1146 data records, then after cleaning processing
as in Figure 3.5, the remaining data results are 990, here's what it looks like:

Openin Turbo Prep lﬁ Auto Model Filter (390 /990 examples). | all D

Row No. class Age Gender Polyuria Polydip... sudden .. weakne.. Polypha.. Genitalt.. visualbl.. Iiching

1 Puositive 40 Male No Yes No Yes No No No Yes ~
2 Puositive 58 Male No No No Yes No No Yes No

3 Puositive 4 Male Yes No No Yes Yes No No Yes

4 Puositive 45 Male No No Yes Yes Yes Yes No Yes

5 Puositive 60 Male Yes Yes Yes Yes Yes No Yes Yes

6 Puositive 55 Male Yes Yes No Yes Yes Ne Yes Yes

7 Puositive 57 Male Yes Yes No Yes Yes Yes No No

8 Puositive 66 Male Yes Yes Yes Yes No Ne Yes Yes

9 Puositive 67 Male Yes Yes No Yes Yes Yes No Yes

10 Puositive 70 Male No Yes Yes Yes Yes Ne Yes Yes

11 Fositive 44 Wale Yes Yes Mo Yes No Yes No Mo

12 Fositive 33 Wale Yes Yes No NoO Yes Yes No Yes

13 Fositive 35 Wale Yes No No NoO Yes Yes No No

14 Fositive 61 Wale Yes Yes Yes Yes Yes Yes Yes Yes

15 Fositive 60 Wale Yes Yes o Yes Yes Mo Yes Yes v
< >

Figure 6. Dataset appearance after preprocessing

Then the next process is dividing the data into training data and test data. Researchers divided the data on a scale of
60: 40, using the Split Data feature.
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Read CSV

fil F out

]
v

Filter Examples

Edit Parameter List: partitions
The partitions that should be created.

:_"_ Add Entry ;" Remove Entry y oK x Cancel

Figure 8. Data Ratio Division Settings

Figure 8 is the process of setting the ratio of training data and test data. The training data is 60% of the dataset that
has been cleaned, while the test data is 40% of the dataset that has been cleaned. Therefore, the number of test data
is 396 data, and the rest is training data.

Openin -—“ Turbo Prep ﬁ Auto Model Filter (396 / 396 examples): ‘ all 5‘

RowNo.  class predicti..  confide.. confide.. Age Gender Polyuria  Polydip.. = sudden.. weakne.. Polypha.

1 Pasitive Pasitive 1.000 0.000 60 Male Yes Yes Yes Yes Yes ~
2 Paositive Positive 1.000 0.000 57 Male Yes Yes No Yes Yes

3 Pasitive Pasitive 1.000 0.000 67 Male Yes Yes No Yes Yes

4 Paositive Positive 1.000 0.000 70 Male Mo Yes Yes Yes Yes

5 Pasitive Pasitive 1.000 0.000 61 Male Yes Yes Yes Yes Yes

6 Paositive Positive 1.000 0.000 60 Male Yes Yes No Yes Yes

7 Pasitive Pasitive 1.000 0.000 54 Male Yes Yes Yes Yes No

8 Paositive Positive 1.000 0.000 66 Male Yes Yes No Yes Yes

9 Paositive Pasitive 1.000 0.000 62 Male Yes Yes No Yes Yes

10 Paositive Positive 1.000 0.000 54 Male Yes Yes Yes Yes Yes

11 Positive Negative 0.000 1.000 32 Male No No No No No

12 Paositive Negative 0.000 1.000 42 Male Mo No No Yes Yes

13 Positive Positive 1.000 0.000 41 Wale Yes Yes Yes Yes Yes

14 Paositive Positive 1.000 0.000 40 Male Mo Yes No Yes No
(‘\5 Positive Paositive 1 nﬁﬂ 0.000 41 Male Yes No No Yes Yes = v

ExampleSet (396 examples, 4 special attributes, 16 regular aftributes)

Figure 9. Test Data Display
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After implementing data cleaning and dividing the ratio of training data and test data, the next process is to use the
required algorithm(Iskandar, 2023). In this research, we will compare the Decision Tree algorithm with the Decision
Tree algorithm based on the Adaptive Boosting method(Etika et al., 2023), which later this process will produce
different performance results on the data set used. The following displays the process of using the algorithm, figure
11:

Read CSV (2) Split Data (2) Decision Tree (2)
il Foout tra mod (] lab % perD res
® wa| [ wa ) res

wei res

Filter Examples (2)

Bexa exa
Y’ ari
Apply Model (2)
unm
mad lab
w ® mod
Figure 10. Decision Tree Algorithm Testing Process
Read CSV Split Data AdaBoost Performance
il ¥ out tra mod lab % per [ES,
& - exa per exa [ES,
v v s
Filter Examples
Apply Model
rmod lab
unl - rmod
v

Figure 11. Decision Tree + AdaBoost Algorithm Testing Process

OnAdaBoost feature added Decision Tree Algorithm in the process, here's what it looks like figure 12:

Process

) Process » AdaBoost » 2L B e

Decision Tree

Figure 12. Decision Tree Algorithm in the AdaBoost Method

Research Supplies

a) Software
1)  Windows 10 Home 64-bit Operating System.
2)  RapidMiner Studio Version 10.1.
3)  Microsoft Office Word & Excel 2013.

b) Hardware
1)  HP Laptop, AMD A9-9425, RADEON R5
2) 4GB RAM.
3) 1000GB hard disk
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Results and Discussion

Results

The results of the research on the Application of the Adaptive Boosting Method in Increasing the Accuracy of
Classification of Type Two Diabetes Mellitus Patients Using the Decision Tree Algorithm are in the form of the

following test results:
1. Test 1 (Decision Tree)

The first test was carried out using the Decision Tree algorithm on the dataset. The following are the results of the
accuracy value obtained from this test, which is 95.71%, for more details, see Figure 4.1.1 as follows:

accuracy: 95.71%

pred. Positive
pred. Megative

class recall

true Positive

221

12

94.85%

true Megative class precision

5 97.79%
158 92.94%
96.93%

Figure 13. Test Accuracy Results 1

The following are 15 representative classification results that can be displayed from the total test data in the test

Row No. class

1 Paositive
2 Pasitive
3 Positive
4 Positive
5 Pasitive
[ Positive
7 Positive
3 Paositive
9 Pasitive
10 Positive
" Positive
12 Pasitive
13 Positive
14 Positive
15 Pasitive

Negative 0.077
MNegative 0.018
Positive 1
Positive 1
Positive 1
Positive 1
Positive 1
Positive 1
Positive 1
Positive 1
Positive 1
MNegative 0.083
Positive 1
MNegative 0.077
Negative 0.018

0923

0982

0.923

0982

Age Gender Polyuria Polydipsia
40 Male No Yes
45 Male No No
70 Male No Yes
35 Male Yes Mo
66 Male Yes Yes
43 Male Yes Yes
58 Male Yes Yes
30 Female Yes Mo
35 Female Yes Yes
58 Male No No
55 Male Yes Yes
60 Female Yes Mo
45 Female No No
40 Male No Yes
45 Male Mo Mo

Figure 14. Test Classification Results 1

2. Test 2 (Decision Tree + AdaBoost)
The second test was carried out using the AdaBoost-based Decision Tree algorithm on the dataset. Following are
the results of the accuracy value obtained from this test, which is 98.99%, for more details, see the following

image:

accuracy: 98.99%

pred. Positive
pred. Megative

class recall

true Positive

229

4

93.28%

true Negative class precision

0 100.00%
163 97.60%
100.00%

Figure 15. Accuracy Results of Test 2
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The following are 15 representative classification results that can be displayed from the classification results of test
2.

Row No. class p Age Gender Polyuria Polydipsia
1 Positive Positive 1.000 0.000 60 Male Yes Yes
2 Positive Positive 1.000 0.000 57 Male Yes Yes
3 Positive Positive 1.000 0.000 67 Male Yes Yes
4 Positive Positive 1.000 0.000 70 Male No Yes
5 Positive Positive 1.000 0.000 81 Male Yes Yes
G Positive Positive 1.000 0.000 60 Male Yes Yes
7 Positive Positive 1.000 0.000 54 Male Yes Yes
] Positive Positive 1.000 0.000 66 Male Yes Yes
9 Positive Positive 1.000 0.000 62 Male Yes Yes
10 Positive Positive 1.000 0.000 54 Male Yes Yes
1" Positive Megative 0.000 1.000 32 Male No No
12 Positive Negative 0.000 1.000 42 Male Ne No
13 Positive Positive 1.000 0.000 41 Male Yes Yes
14 Positive Positive 1.000 0.000 40 Male No Yes
15 Positive Positive 1.000 0.000 4 Male Yes No

Figure 16. Classification Results of Test 2
Discussion

The research that has been carried out uses two testing models, namely the first test uses a Decision Tree, then the
second test uses a Decision Tree based on Adaptive Boosting (AdaBoost). Based on the accuracy results, it is stated as
follows in Table 2:

Table 2. Accuracy Comparison

Accuracy Test Results

Datasets

Decision Trees Decision Tree + AdaBoost
Early Stage Diabetes o 0
Risk Prediction 95.71% 98.99 %
Difference 3.28 %

The calculation above uses a division ratio of 60:40. The number of test data is 396 examples. With the results of manual
calculations of accuracy test data for each method using the confusion matrix as follows, table 3:

1. Decision Trees

Table 3. Decision Tree Accuracy Testing Table

Confusion Matrix Predicted Value
Positive Negative
Actual Value Positive TP =221 FP=5
Negative FN =12 TN =158
Test the accuracy value using manual confusion matrix calculations in the Decision Tree algorithm:
221 +158
Accuracy = ————
(221+5+12+158)
_ 2214158
T 39
379
=—= 10,957
396

2. Decision Tree + Adaptive Boosting (AdaBoost)

Table 4. Decision Tree Accuracy Testing Table

Confusion Matrix Predicted Value
Positive Negative
Actual Value Positive TP =229 FP=0
Negative FN=4 TN =163
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Test the accuracy value using manual confusion matrix calculations on the AdaBoost-based decision tree algorithm:

229 +163
Accuracy = ———
(229+0+4+163)
_ 229+168
T 39
392
=—=10,989

" 396

A comparison of dataset classification using the Decision Tree algorithm and the AdaBoost-based Decision Tree
Algorithm has indeed proven that adding Adaptive Boosting to the Decision Tree algorithm can increase the accuracy
value. So, the aim of this analysis is so that researchers can use machine learning effectively in processing data. This
has previously been researched by Lidia Pebrianti, et al. With the research title "Implementation of the Adaboost
Method to Optimize Diabetes Classification with the Naive Bayes Algorithm™ the Naive Bayes algorithm has been used
to optimize the accuracy of data classification by applying the AdaBoost method. This research concluded that the
Naive Bayes Algorithm produced an accuracy of 0.7608. Meanwhile, the results of Naive Bayes which were boosted
using the AdaBoost algorithm were 0.7694. Apart from that, research conducted by Zico Karya Saputra Domas and
Roby Rakhmadi with the title "Improving Decision Tree Performance with AdaBoost for Classifying Lack of
Transparency in Anti-Corruption Information™ concluded that the application of the AdaBoost method in classifying
class predictions is feasible to increase the level of better performance. Experimental results show that the accuracy of
the Decision Tree is 69.5%, while the average results of the Decision Tree using the AdaBoost method reach an
accuracy of 71.16%. This is because the AdaBoost method adds weight to error classifications and reduces weight to
correct classifications, thereby effectively changing the distribution of the training data.

Conclusions and Suggestions

Conclusions
Based on the research results above, the researcher concluded that:

1. several other factors have a big influence on increasing the accuracy of the Decision Tree algorithm without having
to use adaboost, namely at the preprocessing stage or during the data cleaning process, where at the preprocessing
stage accuracy is required in preparing the data, so that the data is completely clean of noise. , unbalanced data or
outliers in the data, so that the classification process can run well and the results are more accurate.

2. Based on research that has been carried out, the level of effectiveness resulting from the Decision Tree method
based on Adaptive Boosting (AdaBoost) on the Early Stage Diabetes Risk Prediction dataset, can increase
accuracy by 3.28%, with a success rate of AdaBoost on the dataset reaching 98.99%, so that the Boosting method
works quite effectively in increasing the accuracy of the Decision Tree algorithm

Suggestions

From the results of the research that has been carried out, researchers have several suggestions that can be used for
further research as reference material, namely as follows:

Try to use other boosting, such as Bayesian Boosting for the Naive Bayes algorithm or other algorithms.

Try to add 2-5 (two to 5) or more datasets when testing the model using the AdaBoost-based Decision Tree
algorithm so that the test results can be known in detail.

View test results other than accuracy values, such as precision, recall, or AUC graphs.

Try using other tools such as Orange, Weka Studio, or Matlab to carry out the data mining process.

Pw NE
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