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Abstract. Diabetes is a chronic disease that can cause long-term damage, dysfunction and failure of various organs in
the body. Diabetes occurs due to an increase in blood sugar (glucose) levels exceeding normal values. Early diagnosis
of diseases is crucial for addressing them, especially in the case of diabetes, which is one of the chronic illnesses.
Purpose: This study aims to find out how the implementation of the K-Nearest Neighbor algorithm with the
Synthetic Minority Oversampling Technique (SMOTE) in optimizing Random Forest algorithm for diabetes disease
prediction.

Methods/Study design/approach: This study uses the Pima Indian Diabetes Dataset, the random forest algorithm for
the classification, k-nearest neighbor for optimization, and SMOTE for the minority class oversampling.
Result/Findings: The prediction accuracy of the model using SMOTE and k-nearest neighbor is 92,86%. Meanwhile,
the model that does not use SMOTE and k-nearest neighbor obtains an accuracy of 83,03%.
Novelty/Originality/Value: This research shows that the use of random forest algorithm with k-nearest neighbor and
SMOTE gives better accuracy than without using k-nearest neighbor and SMOTE.
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INTRODUCTION

Diabetes is a chronic disease characterized by high blood sugar. It may cause many complicated diseases
like stroke, kidney failure, heart attack, etc [1] There are several factors for developing diabetes like genetic
susceptibility, body weight, food habits and sedentary lifestyle. Undiagnosed diabetes may result in very
high blood sugar levels referred as hyperglycemia which can lead to complication like diabetic retinopathy,
nephropathy, neuropathy, cardiac stroke and foot ulcer. Early detection of diabetes is very important to
improve the quality of life of patients and enhance their life expectancy [2].

Diabetes is a serious chronic condition associated with diffuse complications and an increased risk of
premature death, imposing enormous financial pressure on national health care systems and national
economies. In 2017 (8th edition of the IDF Diabetes Atlas) 4.0 million people were estimated to have died
from diabetes and its complications. About half (46.1%) of these deaths were in adults under the age of 60
years, the working age group [3]. This figure makes diabetes a disease that must be diagnosed and treated
immediately. However, there is diabetes attributed to statistical data that can be analyzed using a machine
learning algorithm.

In recent years, there has been a resurgence of attention surrounding machine learning (ML) and artificial
intelligence, propelled by the substantial and continually expanding volumes of data, enhanced
computational capabilities, and advancements in learning algorithms [4] Exploring a variety of options is
necessary to construct an optimal ML model. This involves designing the ideal model architecture and
determining the optimal configuration of hyperparameters, a process known as hyperparameter tuning.
Tuning hyperparameters is widely regarded as a crucial step in developing an effective ML model [5].

The Random Forest classifier is an ensemble algorithm. Random Forest has emerged as a quite useful
algorithm that can handle the feature selection issue even with a higher number of variables [6]. This implies
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that it consists of more than one algorithm. Usually In this case, it consists of several decision tree
algorithms. Random forest builds up an entire forest from several uncorrelated and random Decision Trees
during training segment [7]. However, datasets used for classification often suffer from imbalanced class
distribution, leading to accuracy that tends to favor the majority class. To address this, some methods are
needed to overcome data imbalance. One such method is the Synthetic Minority Oversampling Technique
(SMOTE).

K-Nearest Neighbor (KNN) algorithm was first described in 1967 as a decision rule for assigning the
classification of the nearest of a set of previously classified instances to an unclassified sample instance.
This classification method is simple, does not make big assumptions, and is particularly useful in pattern
recognition. The algorithm is based on the distance between two instances, which represents their similarity

[8].

SMOTE replications and randomly increases the minority class thereby effectively balancing the class
distribution. It relies on synthesizing new minority instances from existing ones and uses linear
interpolation to generate virtual training records[9]. SMOTE employs an iterative search and selection
approach. It generates new artificial minority class samples by selecting a specified number of samples
among the k nearest neighbors. The threshold value is contingent upon the desired quantity of synthetic
minority samples to be created [10].

METHODS

This research focuses on the application of KNN and SMOTE to optimize random forest classification as
an ensemble algorithm. Ensemble learning techniques have achieved state-of-the-art performance in diverse
machine learning applications by combining the predictions from two or more base models [11]. Before
the classification process using random forest, the data preprocessing stage is carried out. At the data
preprocessing stage, data balancing is carried out using SMOTE. Next, both algorithm random forest and
KNN are tuned using k-fold cross validation. After that, the data set is divided into two parts, namely
training data and testing data. The flowchart of the proposed method is illustrated in Figure 1.
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Figure 1. Flowchart of proposed method

Data Research

The dataset is originally from the National Institute of Diabetes and Digestive and Kidney Disease. The
data is collected from the website www.kaggle.com. The objective of the dataset is to diagnostically predict
wether or not a patient has diabetes, based on certain diagnostic measurement included in the dataset. The
total number of datasets is 789. The attributes of match result statistics used in the research are presented
in Table 1.
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Table 1. The pima indian diabetes dataset attributes used

No  Attribute Type Description

1 Pregnancies Numeric  Number of times pregnant
2 Glucose Numeric  Glucose

3 BloodPressure Numeric  Diastolic blood pressure

4 SkinThickness Numeric  Triceps skin fold thickness
5 Insulin Numeric  2-Hour serum insulin

6 BMI Numeric  Body mass index

7 DiabetesPedigreeFunction ~ Numeric ~ Diabetes pedigree function
8 Age Numeric  Age

9 Outcome Integer Class Variable 0 or 1

Data Preprocessing

Preprocessing is required so that the property of interest can be predicted correctly [12]. In the data
preprocessing stage, there is a process to overcome the missing value in the dataset. The method used to
overcome is using mean, mean work by taking the average of all the data contained in a column and then
replacing it with the missing column. There is also a method to overcome data imbalance using SMOTE.
SMOTE increases the number of data instances by generating random synthetic data of minority class from
its nearest neighbours using Euclidean distance. New instances become like the original data because they
are generated based on original features [13].

Data Split

Data sets featured in publications are carefully curated and partitioned into training, testing, and validation
subsets by domain experts. As a result, machine learning models often exhibit strong performance on these
manually prepared hand-crafted datasets [14]. The dataset splitting process divides the data into two parts:
training data and testing data, with an 80:20, 75:25, and 70:30 ratio. The data splitting is performed with
random state shuffling to ensure consistency in the calculated values [15].

Hyperparameter Tuning

The hyperparameter tuning method used in this research is K-Fold Cross Validation. Cross-validation using
randomized subsets of data—known as k-fold cross-validation—is a powerful means of testing the success
rate of models used for hyperparameter tuning [16]. This method works by taking specific samples from
the data set on which the model is not trained. This method is also used to protect the model from overfitting.
In the cross-validation process, the original data sample is randomly divided into subsets of equal or close
size, then training data for iteration or repetition and data is performed, so that in each iteration a different
fold of data is required for validation, while the remaining K1 folds are used for training [17].

Classification

After balancing the data and tuning both alrogithm, the classification process using random forest is
performed. The model is built using ensemble methods. Ensemble method is divided into 3 method it is
bagging, boosting, and stacking [18]. The research will use stacking ensemble for random forest and knn.
Stacking ensemble is one of the well-known ensemble methods, where there are two levels of classifiers,
namely the base classifier (level 0) and the meta-classifier (Ievel 1), which are used to predict the output
variable. Stacking ensemble combines the output of the base classifier by using the meta-classifier to learn
the relationship between the model output and the actual output [19].

Model Testing and Evaluation

The classification results on the training data are then tested using testing data. The model testing process
is carried out using a confusion matrix. A clear and precise evaluation of a machine learning algorithm is
essential for classifier design and enhancing performance. In multi-class classification tasks, where each
instance is assigned to only one class, the confusion matrix serves as a valuable tool for assessing
performance by quantifying classification overlaps [20].

RESULT AND DISCUSSION

Preprocessing

At the preprocessing stage, the class that contains missing value will be filled by means by measured the
average of each class. The value of mean in every class can be seen in Table 2.
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Table 2. Means of each class

No Attribute Mean
1 Glucose 121

2 BloodPressure 72

3 SkinThickness 29

4 Insulin 155

5 BMI 32

At the preprocessing stage, the minority class oversampling process is carried out using SMOTE. This
process uses the entire dataset before the classification process. A comparison of the amount of data before
and after SMOTE can be seen in Table 3.

Table 3. Total data for each class before and after SMOTE
No  Process 1 0
1 Before SMOTE 268 500
2 After SMOTE 454 500

Data Split

The data split process carried out in this research is divided into the training data and testing data obtained
from the dataset with the ratio of training data to testing data being 70:30, 75:25, 80,30. The use of random
state is applied to this process to produce random values that remain the same in each execution. The total
dataset which previously amounted to 768 data after SMOTE was carried out became 954 data. Comparison
of train data and test data can be seen in Table 4.

Table 4. Comparison of train data and test data
No  Precentage (%) Data Train  Data Test

1 70:20 700 254
2 75:25 750 204
3 80:20 800 154

Classification

The classification is using ensemble classification using random forest and knn (proposed method). In the
proposed method, hyperparameter tuning is performed. The tuning involves using a k-fold cross validation
method in selecting the parameters, the k will be set to k=10. The k-fold parameter determines the number
of decisions to be built in the random forest and knn. Meanwhile, the k parameter determines the number
of parameters to be randomly selected at each node and selected the best for the process. In the k-fold cross
validation process, the values of the 10-fold and the parameters accuracy used are indicated in Table 5 and
Table 6.

Table 5. 10-fold cross validation random forest
fold accuracy
0,7963
0,6852
0,7222
0,7407
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Table 6. 10-fold cross validation knn
fold accuracy
0,7037
0,6667
0,5370
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0,7037
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0,7170
0,6415
0,6742
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The best results from 10-fold cross validation for random forest is 0,7963 and for knn is 0,7222. The
parameter that saved will be used in ensemble classification method. The stacking ensemble method for
random forest and knn will have 2 classifiers, the basic classifier (level 0) and meta-classifier (level 1), knn
will be the basic classifier and random forest will be the meta classifier. The description of stacking

ensemble process is shown in Figure 2.
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Figure 2. Stacking Ensemble

While the base classifier is already stacked, the ensemble generates a meta classifier Random Forest K-
Nearest Neighbor (RFKNN). The RFKNN method will be tested using testing data from the preprocessing
stage and evaluated using confusion matrix. The confusion matrix used to evaluate RFKNN algorithm will
be shown in the Figure 3 below.
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Figure 3. Confusion matrix of proposed method with 70:30 dataset ratio

Based on Figure 3, the accuracy of the proposed method obtained from data split with 70:30 ratio produces
a confusion matrix with 0.9221 or 92.21% accuracy.
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Figure 4. Confusion matrix of proposed method with 75:25 dataset ratio
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Based on Figure 4, the accuracy of the proposed method obtained from data split with 75:25 ratio produces
a confusion matrix with 0.9215 or 92.15% accuracy.
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Figure 5. Confusion matrix of proposed method with 80:20 dataset ratio

Based on Figure 5, the accuracy of the proposed method obtained from data split with 80:20 ratio produces
a confusion matrix with 0.9286 or 92.86% accuracy.

The following are the respective accuracies of the three classifications using different data ratio carried out,
and the best split ratio for the diabetes disease classification is 80:20 ratio which generate 92,68% accuracy.
The other results are shown in Table 6.

Table 6. Comparison of the classification’s accuracy
Split Ratio  Accuracy

70:20 92,21%
75:25 92,15%
80:20 92,68%

CONCLUSION

Based on the research findings and discussions related to the implementation of KNN and SMOTE on the
random forest algorithm using the Pima Indian Diabetes Dataset, several conclusions can be drawn. The
application of SMOTE in the preprocessing stage effectively addresses the issue of imbalanced data within
the dataset, ensuring that the classification process operates optimally without the presence of an
imbalanced class. Additionally, the accuracy results obtained from modeling were tested through three
different experiments, each involving a different ratio of training and testing data: 70%:30%, 75%:25%,
and 80%:20%. Among these, the highest accuracy was achieved with an 80%:20% data split, where the
RFKNN and SMOTE methods yielded an accuracy of 92.82% in predicting diabetes.
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