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ABSTRACT

With the recent increase in diabetes incidence worldwide, research has been conducted to predict diabetes through
various machine learning and deep learning technologies. In this work, we present a model for predicting diabetes using
machine learning techniques with German Frankfurt Hospital data. We apply outlier handling using Interquartile Range
(IQR) techniques and Pearson correlation and compare model-specific diabetes prediction performance with Decision Tree,
Random Forest, Knn (k-nearest neighbor), SVM (support vector machine), Bayesian Network, ensemble techniques
XGBoost, Voting, and Stacking. As a result of the study, the XGBoost technique showed the best performance with 97%
accuracy on top of the various scenarios. Therefore, this study is meaningful in that the model can be used to accurately
predict and prevent diabetes prevalent in modern society.
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Table.1 Pearson Correlation Coefficient
feature Pearson Correlation Coefficient
Glucose 0.458
BMI 0.277
Age 0.237
Pregnancies 0.224
DiabetesPedigreeFunction 0.155
Insulin 0.121
SkinThickness 0.076
BloodPressure 0.076
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Fig. 1 Stacking Structure

Algorithm 1 Training an Stacking

Require : Train data consisting of X and y.

X <- preprocessed feature

y <- label(2 classes)

#Train each model and predict y

kernel = "linear*

classifier <- SVC(formula, data, kernel)

svm_pred = classifier.predict(X)

library(RandomForest)

classifier <- RandomForest(formula, data)

rf_pred = classifier.predict(X)

library(Logistic Regression)

classifier <- Logistic Regression(formula, data)
Ir_pred = classifier.predict(X)

#Create new array data from predicted y by each models
#Each of the anticipated array is added based on the line
new_array = array(svm_pred, rf pred, Ir_pred)
#Transpose the new_array

new_array = Transpose(new_array)

#Train LGBM model

library(RandomForest)

classifier <-  RandomForest(formula,
random_state, data)

n_estimator,

Fig. 2 Stacking Pseudocode
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Table.2 F1-Scores Results

XGBoost LightGBM | RandomForest
Pima 0.77 0.8376 0.7662
Pima_IQR 0.7573 0.7756 0.7671
Frankfurt 0.9725 0.9875 0.9575
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