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that cause someone to have the potential for diabetes are important to
minimize cases of diabetes sufferers. Monitoring of Pre-diabetes
patients is characterized by increasing certain parameters in the
medical record data feature which is an important dynamic part of this
study. Data mining techniques in diabetes disease prediction are used
to determine a patient's risk of diabetes more quickly and accurately.
This study uses the Knowledge Discovery in Database model process
consisting of several stages such as Data Selection, Preprocessing,
Transformation, Data Mining and Evaluation. The techniques that can
be used to overcome these problems are Data Mining using the Navies
Bayes algorithm, Support Vector Machine, K-Nearest Neighbor,
Decision Tree, and Random Forest have various evaluation results

with several input datasets used.
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1. Introduction

Diabetes Mellitus is a metabolic disease characterized by high blood sugar levels, due to impaired insulin
production, insulin function, or both. This disease lasts throughout a person's life and is a chronic condition.
The results of various epidemiological studies indicate that the incidence and prevalence of DM tend to increase
in various countries, making Diabetes Mellitus a global health problem that is on the rise [1].

Diabetes is a metabolic disorder identified through hyperglycemia caused by the inability of the pancreas
to secrete insulin, impaired insulin function. Chronic hyperglycemic conditions can cause prolonged damage
and dysfunction of several organs such as the eyes, kidneys, heart, and blood vessels. Diabetes is known as
diabetes, is a disease associated with increased blood sugar levels in the body, especially after eating. One of
the characteristics of diabetes is increased blood sugar levels described above normal or hypertension (120 mg
/dl or 120 mg% or more). Many factors affect people suffering from diabetes, some of which are high blood
pressure, excess sugar levels, weight, history of diabetes, age, number of pregnancies, thickness of skin folds,
and the amount of insulin in the body [2].

Data mining is a language used to describe the process of finding information in a database. This process
aims to extract important information from large amounts of data that have diverse patterns. Data Mining is a
semi-automatic process that relies on statistical techniques, artificial intelligence, mathematics, and machine
learning to extract and search for valuable knowledge information hidden in large data sets. Data mining
activities are an integral part of the knowledge discovery process in databases, which involves several stages
such as data filtering, pre-processing, transformation, data mining, and evaluation of results. KDD is also
known as the knowledge discovery process in databases [3].
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Machine learning method is a method used to identify crucial relationships, patterns, and relationships in
data sets through data analysis. There are a series of six main techniques that are often used in data mining
practices, including prediction or forecasting, data description or visualization, classification, estimation,
association, and clustering [3].

Some research data mining techniques related to the diagnosis of diabetes mellitus include Homogeneit
y-Based Algorithm, Genetic Programming, Genetic Algorithm, MLP, ID3. Several other researchers have also
conducted studies comparing methods to determine a better level of accuracy including Artificial Neural
Network and Genetic Algorithm, Decision Tree and Incremental Learning, ID3, C4.5, Decision Tree,
Multilayer Perceptron, J48 and Naive Bayes Classifier, EM, KNN, K-Means, amalgam KNN and ANFIS
Algorithm, Bayesian Network, Decision Tree, Naive Bayes, MLP, Random Tree, REP Tree, RAD, Random
Forest, Jr8, Modified J48 Classifier. These methods have different levels of accuracy based on the tools and
data sets used [4].

There are several data reviews that are the author's references in preparing this proposal. Namely
comparing KNN and SVM in stroke disease, based on the results of trials conducted using the Support Vector
Machine (SVM) and Nearest Neighbors (KNN) algorithms in the Python programming language in Google
Colab, it can be concluded that SVM provides the best results in terms of accuracy and performance for
predicting stroke disease. The SVM algorithm achieves 100% accuracy, while KNN only reaches 97%,
resulting in a difference of 3% lower than SVM. Therefore, it is recommended to use Support Vector Machine
(SVM) as the best choice in this context, compared to KNN. the difference between this study and the journal
source is that the journal discusses stroke disease and the author discusses diabetes [5].

The purpose of this study is to determine the accuracy of diabetes, the methods used in this study are K-
Nearest-Neighbor, Support Vector Machine, Naive Bayes, Decision Tree, Random Forest. The benefits of this
study are to determine the level of accuracy in each method used and compare each method, and find out the
highest accuracy in the 5 methods [6].

2. Research Methology

This study applies a phenomenological method whose purpose is to provide an in depth or
descriptive picture of life experiences. This approach allows research to understand and reveal life
experiences from the perspective of individuals who are the subjects of research. In the phenomenological
approach, the author tries to explore the meaning of an event and its relationship to individuals who are
in a particular context. In this study, researchers recognize the experiences experienced by diabetes
mellitus patients when undergoing wound care due to diabetes [7].

* Data Cleaning
 Data Selection

* Split Data
* Model
* Accuracy

Model

Deployment

Figure 1. Data Science Process

Figure 1 shows the proposed research flow which consists of several modules, namely Data Collection,
Preprocessing, and Evaluation.
2.1 Data Collection

The data collection stage is the stage where data is obtained from various methods, such as surveys,
interviews, data mining, etc. This data can be in the form of numbers, text, images, symbols [8]. The data
obtained will later be collected into a dataset which will later be processed for the data pre-processing stage.
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In this study, we will use a diabetes dataset obtained from the Kaggle diabetes dataset website. The
attributes in it are attributes used in the process that is usually carried out by laboratories to detect diabetes
patients or not. In this dataset there are 768 records (patients)[9].

2.2 Preprocessing
a. Data Cleaning

Data Cleaning is the process of preparing data for analysis by removing or modifying data that
is incorrect, incomplete, irrelevant, duplicated, or incorrectly formatted. This data is usually not needed
or helpful in analyzing the data because it can hinder the process or provide inaccurate results and
checking for missing values. This stage ensures that there is no empty data in the dataset [10].

b. Data Selection

. Data Selection The data selection stage is the stage that sorts the data that will be used in the
data mining process, then the selected data will be made separate from the operational database [7].
c. Data Transformation

Data transformation is the process of transforming or changing the form of data that has an
unclear intensity into a form of data that is ready or valid to be processed in the next step (data mining).
The use of transformation methods to reduce the number of effective variables under consideration or
find invariant representations for data, and project data into spaces in which a solution is easier to find

[11].
2.3 Evaluation
a. Split Data

This method breaks the data into K parts, where each part has a balanced amount of data, the
data is divided into 2 parts where the first data is stored as testing data for validation and one part is used
for training data. One K data used as testing data is replaced with another part and the same thing is done
until all parts of the data have been treated as testing data [12]. The author will divide the data into training
data and testing data with various ratios to find the best performance in the model. After that the data will
enter the implementation stage [13].

Data division between data X and data y where data X is the feature column and data y is the
target column. After dividing data X and y, then dividing the train data and test data on data X using rapid
miner, namely split data [14]. The data division size is 70% for train data and 30% for test data [15].

b. Model

In this sub-section, the models built are K-Nearest-Neighbor, Support Vector Machine, Naive
Bayes, Decision Tree, Random Forest. For testing some of these models using rapid miner. Which is
divided into Hold Out and 10 Fold Cross Validation.

c. Accuracy

Accuracy is the comparison value of the correct prediction with the entire data. After the results
of the mode evaluation are obtained, an analysis of the results is carried out on the accuracy value of each
combination of methods [12].

3. Results and Discussion
In this section, the results will be provided according to the stages carried out. Figure 2 shows the diabetes
dataset and database dataset contents (Figure 2 and Figure 3) on the Kaggle website

https://www.kaggle.com/datasets/mathchi/diabetes-data-set
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3.1 Data Collection

Q_ Search *r;]\

O MEHMET AKTURK - UPDATED 4 YEARS AGO -~ | 738 New Notebook &, Download O

Diabetes Dataset

This dataset is originally from the N. Inst. of Diabetes & Diges. & Kidney Dis. - e ‘.T
e =

Data Card Code (394) Discussion (6)  Suggestions (0)

About Dataset Usability @
10.00

Context License

This dataset is originally from the National Institute of Diabetes and Digestive and Kidney Diseases. CCO: Public Domain

The objective is to predict based on diagnostic measurements whether a patient has diabetes.
Expected update frequency

Content Never
Several constrair.nts were placed on the selection of these instan.ces fro.m a \arger database. In Tags
particular, all patients here are females at least 21 years old of Pima Indian heritage.
Niahatac

Figure 2. Diabetes Dataset
Row No. Outcome = Pregna... Glucose BloodP... SkinThi...  Insulin EMI Diabete... = Age
1 1 6 148 72 35 0 33.600 0.627 50
2 0 1 85 66 29 0 26.600 0.351 31
3 1 8 183 64 0 0 23.300 0.672 32
4 0 1 89 66 23 94 28.100 0.167 21
5 1 0 137 40 35 168 43.100 2.288 33
6 0 5 116 74 0 0 25.600 0.201 30
7 1 3 78 50 32 88 31 0.248 26
8 0 10 115 0 0 0 35.300 0.134 29
9 1 2 197 70 45 543 30.500 0.158 53
10 1 8 125 96 0 0 0 0.232 54
11 0 4 110 92 0 0 37.600 0.191 30
12 1 10 168 74 0 0 38 0.537 34
13 0 10 139 80 0 0 27.100 1.441 57
14 1 1 189 60 23 846 30.100 0.398 59
15 1 5 166 72 19 175 25.800 0.587 51
16 1 7 100 0 0 0 30 0.484 32

Figure 3. Diabetes Dataset Contents

In the diabetes dataset there are 768 entries and it has 9 indicators, namely: (1) Pregnancy (2) Glucose (3)
Blood pressure (4) Skin thickness (5) Insulin (6) BMI (7) Diabertes Pedigfree Function (8) Age and (9)
Results.
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3.2 Preprocessing
Data cleaning

At this stage includes the data cleaning process. Only deleting some attributes (columns) that
are not used in this study. The attributes that are not used in this study are Pregnancies and Skin Thickness.
But in this study the data used is complete and there are no missing values [7].

Data Selection

Determine the attributes to be used in this study. The attribute used as a label in this study is
Outcome.
3.3  Evaluation

Two methods, namely hold out and 10 Fold Cross Validation have been used.
a. Hold Out

1. Support Vector Machine
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Figure 4. SVM design using rapidminer

@' Table View Plot View

accuracy: 75.97%

true 1 true 0 class precision
pred. 1 31 14 68.89%
pred. 0 23 86 78.90%
class recall 57.41% 86.00%

Figure 5. SVM accuracy

In Figure 4 and Figure 5, testing was carried out on rapid miner using the support vector machine
model using split data with a ratio of 70% and 30% and obtaining an accuracy of 74.35%.

2. K-Nearest-Neighbor
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Figure 6. KNN design using rapidminer
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accuracy: 73.04%

true 1 true 0 class precision
pred. 1 40 22 64.52%
pred. 0 40 128 76.19%
class recall 50.00% 85.33%

Figure 7. KNN accuracy

In Figure 6 and Figure 7, the K-Nearest-Neighbor method is used, which splits the data using a
ratio of 70% and 30% and has an accuracy of 73.04%.

3. Naive Bayes
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Figure 8. Naive Bayes design using Rapid Miner

@ Table View Plot View

accuracy: 71.30%

true 1 true 0 class precision
pred. 1 50 36 58.14%
pred. 0 30 114 79.17%
class recall 62.50% 76.00%

Figure 9. Accuracy of Naive Bayes

In Figure 8 and Figure 9, testing was carried out in rapid miner using the Naive Bayes model
using split data with a ratio of 70% and 30% and obtained an accuracy of 71.30%.
4. Decission Tree
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Figure 10. Decision Tree Design using Rapidminer

® Table View Plot View

accuracy: 65.65%

true 1 true 0 class precision
pred. 1 55 54 50.46%
pred. 0 25 96 79.34%
class recall 68.75% 64.00%

Figure 11. Decision Tree Accuracy

In Figure 10 and Figure 11 to find the accuracy of the decision tree model using rapid miner
which splits the data using a ratio of 70% and 30%. Where 70% as training data and 30% as testing
data and the accuracy obtained is 65.65%.
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5. Random Forest
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Figure 12. Random Forest design using Rapid Miner
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Figure 13. Random Forest Accuracy

class precision
66.67%

73.63%

Pada Gambar 12 dan Gambar 13 untuk mencari akurasi pada model random forest menggunakan
In Figure 12 and Figure 13 to find the accuracy of the random forest model using rapid miner which splits
the data using a ratio of 70% and 30%. Where 70% is training data and 30% is testing data and the
accuracy obtained is 72.17%.

b. 10 Fold Cross Validation
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Figure 14. Cross Validation display

Figure 14 illustrates the design of the cross-validation evaluation, which was conducted using five

different algorithms to assess model performance
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Figure 15. SVM Design View

® Table View

Plot View

accuracy: 76.56% +/- 5.24% (micro average: 76.56%)

true 1 true 0
pred. 1 153 65
pred. 0 115 435
class recall 57.09% 87.00%
Figure 16. Accuracy in SVM
PerformanceVector

PerformanceVector:

accuracy: 76.56% +/- 5.24% (micro average:

ConfusionMatrix:

True: 1 0
1: 153 65
0: 115 435

class precision
70.18%

79.08%

76.56%)

Figure 17. Performance Vector on SVM

From Figure 15, the design of the Support Vector Machine is known and after running the Rapid
Miner application, the accuracy results will be obtained as in Figure 16 and Figure 17, which obtained an

accuracy of 76.56%.
2. K-Nearest-Neighbor
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Figure 18. KNN design in Rapid Miner Cross Validation

® Table View Plot View

accuracy: 72.00% +/- 4.83% (micro average: 72.01%)

true 1
pred. 1 140
pred. 0 128
class recall 52.24%

true 0

87
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Figure 19. Accuracy in KNN

class precision
61.67%

76.34%
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® Table View Plot View

precision: 76.61% +/- 4.32% (micro average: 76.34%) (positive class: 0)

true 1 true 0
pred. 1 140 87
pred. 0 128 413
class recall 52.24% 82.60%

Figure 20. Precission in KNN

® Table View Plot View

recall: 82.60% +/- 6.93% (micro average: 82.60%) (positive class: 0)

true 1 true 0
pred. 1 140 87
pred. 0 128 413
class recall 52.24% 82.60%

Figure 21. Recall in KNN

AUC (optimistic): 0.751 +/- 0.079 (micro average: 0.751) (positive class: 0)

Figure 22. Grafik AUC (Opmistic)

AUC: 0.723 +I- 0.102 (micro average: 0.723) (positive class: 0}

Figure 23. Grafik AUC

class precision
61.67%

76.34%

class precision
61.67%

76.34%
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AUC (pessimistic): 0.720 +I- 0.101 (micro average: 0.720) (positive class: 0)

— ROC — hreshe

Figure 24. Grafic AUC (Pessimistic)

PerformanceVector

PerformanceVector:
accuracy: 72.00% +/- 4.83% (micro average: 72.01%)
ConfusionMatrix:

True: 1 0

1: 140 87

0: 128 413

precision: 76.61% +/- 4.32% (micro average: 76.34%) (positive class: 0)
ConfusionMatrix:

True: 1 0

1: 140 87

0: 128 413

recall: 82.60% +/- 6.93% (micro average: 82.60%) (positive class: 0)

ConfusionMatrix:

True: 1 0
1: 140 87
0: 128 413

AUC (optimistic): 0.751 +/- 0.079 (micro average: 0.751) (positive class: 0)
AUC: 0.723 +/- 0.102 (micro average: 0.723) (positive class: 0)
AUC (pessimistic): 0.720 +/- 0.101 (micro average: 0.720) (positive class: 0)

Figure 25. Performance Vector display in KNN

From Figure 18, the design of K-Nearest Neighbor is known and after running the Rapid Miner
application, the accuracy results will be obtained as in Figure 19 which obtained an accuracy of 72.00%,
Figure 20 obtained a Precision of 82.60%, Figure 21 obtained a Recall of 82.60%, Figure 22 obtained an
AUC (Optimistic) of 0.751, Figure 23 obtained an AUC of 0.723 and Figure 24 obtained an AUC
(Pessimistic) of 0.720 and Figure 25 Overall Performance.

3. Naive Bayes
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@ Table View Plot View

accuracy: 75.14% +/- 4.08% (micro average: 75.13%)

true 1 true 0 class precision
pred. 1 158 81 66.11%
pred. 0 110 418 79.21%
class recall 58.96% 83.80%

Figure 27. Accuracy Level of Naive Bayes

PerformanceVector

PerformanceVector:
accuracy: 75.14% +/- 4.08% (micro average: 75.13%)
ConfusionMatrix:

True: 1 0
1: 158 81
0: 110 419

Figure 28. Performance Vector Naive Bayes

From Figure 26, the design of Naive Bayes is known and after running the Rapid Miner
application, the accuracy results will be obtained as in Figure 27, which obtained an accuracy of 75.14%.
Figure 28 displays the performance vector Naive Bayes.
4. Decission Tree

) Process » DECISSION TREE » 67% 2 O 0O W = + @ @ [
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Figure 29. Design Decision tree using Cross validation in Rapid Miner

® Table View Plot View

accuracy: 71.09% +/- 4.22% (micro average: 71.09%)

true 1 true 0 class precision
pred. 1 102 56 64.56%
pred. 0 166 444 72.79%
class recall 38.06% 88.80%

Figure 30. Accuracy in Decision Tree

PerformanceVector

PerformanceVector:
accuracy: 71.09% +/- 4.22% (micro average: 71.09%)
ConfusionMatrix:

True: 1 0
1: 102 56
0: le6 444

Figure 31. Performance Vector in Decision Tree

From Figure 29, the design of the Decision Tree is known and after running the Rapid Miner
application, the accuracy results will be obtained as in Figure 30 which obtained an accuracy of 71.09%.
Figure 31 displays the Performance Vector in Decission Tree.
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5. Random Forest
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Figure 32. Random Forest Design

@ Table View Plot View

accuracy: 74.08% +/- 5.34% (micro average: 74.09%)

true 1 true 0 class precision
pred. 1 99 30 76.74%
pred. 0 169 470 73.55%
class recall 36.94% 94.00%

Figure 33. Random Forest Accuracy Level

PerformanceVector

PerformanceVector:
accuracy: 74.08% +/- 5.34% (micro average: 74.09%)

ConfusionMatrix:
True: 1 0
1: 99 30
0: 169 470

Figure 34. Performance Vector display in Random Forest

From Figure 32, the design of Random Forest is known and after running the Rapid Miner
application, the accuracy results will be obtained as in Figure 33 which obtained an accuracy of 74.08%.
Figure 34 displays the Performance Vector display in Random Forest.

Sheet 1

Model

Decission Tr KN Naive Bayes Random For svna
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Figure 35. Comparison of the 5 Models using Tableau

Value

Model Hold Ouff 10 Fold Crosss Validation|
SVM 75,97 76,56
KNN 73,04 72
Naive Bayes 71,3 75,14
Decission Tree 65,65 71,09
Random Forest 72,17 74,08

Figure 36. Comparison of the 5 Accuracy
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Figure 35 is a comparison graph of Hold Out and Cross Validation comparing 5 models and from
Figure 36. It is known that from Hold Out and Cross Validation, the highest accuracy is SVM.
3.4 Model Deployment
Diabetes Disease Prediction Results Using SVM Algorithm in Google Colab

Ipip install pandas > /dev/null

import pandas as pd

import numpy as np

import seaborn as sns

import matplotlib.pyplot as plt

from sklearn.metrics import confusion_matrix, accuracy_score, classification_report
from sklearn.svm import SVC

from sklearn.preprocessing import StandardScaler

from sklearn.model_selection import train_test_split

df = pd.read_csv('diabetes.csv')

X
y

df.drop(columns=[ 'Outcome'])
df[ "Outcome’]

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=6.2, random_state=42)

scaler = StandardScaler()
X_train = scaler.fit_transform(X_train)
X_test = scaler.transform(X_test)

clf = SvC(kernel='linear', probability=True) # Enable probability estimates
clf.fit(X_train, y_train)

y_pred = clf.predict(X_test)

print(classification_report(y_test, y_pred))
print("Akurasi SVM : {:.2f}%\n".format(accuracy_score(y_test, y_pred) * 120))

Figure 37. Testing SVM in Google Colab

print("Masukkan Inputan Data untuk memprediksi penyakit diabetes:") 4+ = [
pregnancies = float(input("Kehamilan: "))

glucose = float(input("Glukosa: "))

blood_pressure = float(input(“"Tekanan darah: "))

skin_thickness = float(input("Ketebalan kulit: "))

insulin = float(input("Insulin: "))

bmi = float(input("BMI (desimal): "))

diabetes_pedigree_function = float(input(“"Diabetes Pedigree Function (desimal): "))

age = float(input("usia: "))

print()

new_data = pd.DataFrame([[pregnancies, glucose, blood_pressure, skin_thickness, insulin, bmi, diabetes_pedigree_function, age]],
columns=X.columns)

scaled_new_data = scaler.transform(new_data)
probability = clf.predict_proba(scaled_new_data)[e][1]
print("Prediksi Terkena Diabetes: {:.2f}%".format(probability * 1ee))

if probability > ©.5:

print("Diagnosis Pasien: Terkena Penyakit diabetes.")

kesembuhan_prob = 1 - probability

print("Probabilitas Kesembuhan: {:.2f}%".format(kesembuhan_prob * 108))
else:

print("Diagnosis Pasien: Tidak Terkena Penyakit diabetes.™)

Figure 38. Continued SVM Testing in Google Colab

precision recall fl-score  support

0.81 0.82 9.81 99

1 0.67 0.65 9.66 55

accuracy 0.76 154
macro avg 0.74 0.74 0.74 154
weighted avg 9.76 9.76 0.76 154

Akurasi SVM : 75.97%

Figure 39. SVM accuracy in Google Colab
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? Prediksi Diabetes - SVM = a

Form Data Pasien

Kehamilan:

Glukosa:
34
Tekanan Darah:
55
Ketebalan Kulit:
65
Insulin:
46
BMI(desimal):
5.65
Diabetes Pedigree Function(desimal):
4.56
Usia:
45

Prediksi Diabetes

i Hasil Prediksi X
Prediksi Terkena Diabetes: 3.90%
Diagnosis: Tidak Terkena Diabetes.

OK

Figure 40. Not Affected by Diabetes and There is a Prediction if Affected by Diabetes

¢ Prediksi Diabetes - SVM - m]

Form Data Pasien

Kehamilan:
3
Glukosa:

95

Tekanan Darah:
50

Ketebalan Kulit:
70

Insulin:

BMI(desimal):
456
Diabetes Pedigree Function(desimal):
0.267
Usia:
46

Prediksi Diabetes

Akurasi Model: 75.97%

¢ Hasil Prediksi X

Prediksi Terkena Diabetes: 50.81%
Diagnosis: Terkena Diabetes.
Probabilitas Kesembuhan: 49.19%

ok |

Figure 41. Having Diabetes, Percentage of Having Diabetes, and Prediction of Recovery

Figure 37 and Figure 38 Explain the steps in predicting diabetes and in Figure 39 the accuracy of the svm
obtained is 75.97%. Figure 40 when inputting data obtained the prediction results of diabetes of 3.90% and it
can be concluded that it cannot be affected by diabetes. In Figure 41 the prediction of diabetes is 50.81%, and
it can be concluded that it is affected by diabetes, and the predicted recovery is 49.19%.
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4. Conclusion

Based on the results of research conducted by the author, the following conclusions can be drawn:Diabetes is
known as diabetes, is a disease associated with increased blood sugar levels in the body, especially after eating.
One of the characteristics of diabetes is increased blood sugar levels described above normal or hypertension (120
mg / dl or 120 mg% or more).There are many factors that influence people to suffer from diabetes, some of which
are high blood pressure, excess sugar levels, body weight, family history of diabetes, age, number of pregnancies,
thickness of skin folds, and the amount of insulin in the body. There are 5 models tested with testing data, namely
K-nearest Neighbor, Support Vector Machine, Naive Bayes, Decision Tree, and Random Forest. Of the 5 models,
the highest accuracy is in Support Vector Machine with an accuracy of 74.35% in hold out and in cross validation
of 76.56%.In further research, the author suggests adding a dataset with larger attributes. A larger dataset will
make the model creation process easier.
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