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model, termasuk melihat distribusi

kelas dan mendeteksi anomali

Proses optimasi parameter algoritma
untuk memperoleh performa model
yang optimal dan mencegah kondisi

overfitting atau underfitting.

Kondisi pada dataset di mana jumlah
instance untuk masing-masing kelas
tidak seimbang secara signifikan,
menyebabkan algoritma pembelajaran
mesin cenderung bias terhadap kelas

mayoritas
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INTISARI

Penyakit diabetes melitus merupakan gangguan metabolisme kronis yang
memerlukan deteksi dini. Pemanfaatan machine learning pada data rekam medis
sangat berpotensi untuk membantu diagnosis, namun sering terkendala oleh
ketidakseimbangan kelas (imbalanced data) yang memicu bias pada prediksi model.
Penelitian ini bertujuan membandingkan performa algoritma klasifikasi ensemble
tree (XGBoost, LightGBM, dan CatBoost) serta menguji efektivitas Synthetic
Minority Over-sampling Technique (SMOTE) dalam mengatasi masalah

ketidakseimbangan data tersebut.

Eksperimen menggunakan Pima Indians Diabetes Dataset dengan
menerapkan tahapan prapemrosesan seperti imputasi missing value, pembagian
data latih dan uji (90:10), serta penerapan SMOTE secara eksklusif pada data latih.
Model dioptimalkan melalui hyperparameter tuning dan dievaluasi menggunakan

metrik accuracy, precision, recall, F1-score, serta ROC-AUC.

Hasil penelitian menunjukkan bahwa SMOTE efektif mengatasi bias
prediksi terhadap kelas mayoritas (pasien sehat). Berdasarkan komparasi, algoritma
XGBoost memberikan performa paling superior dan seimbang dengan capaian
accuracy 85,71%, precision 75,00%, recall 88,88%, F1-Score 81,35%, dan ROC-
AUC 87,85%. Secara keseluruhan, XGBoost dirckomendasikan sebagai arsitektur
terbaik untuk pengembangan sistem diagnosis dini risiko diabetes yang andal secara

klinis

Kata kunci: Diabetes, Machine Learning, Imbalanced Data, SMOTE, Ensemble

Tree
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ABSTRACT

Diabetes mellitus is a chronic metabolic disorder characterized by high
blood sugar levels, and its early detection is crucial to prevent fatal complications.
The utilization of machine learning technology has great potential in diagnosing
diabetes indications based on patients' clinical medical records. However, a major
challenge in medical datasets is class imbalance (imbalanced data), which can
cause classification models to be biased and tend to predict the majority class more
often. This study aims to analyze and compare the performance of ensemble tree
classification algorithms, namely XGBoost, LightGBM, and CatBoost, and to test
the effectiveness of the Synthetic Minority Over-sampling Technique (SMOTE)

method in handling the class imbalance issue

The experiment utilized the Pima Indians Diabetes Dataset by applying
preprocessing stages such as missing value imputation, a 90: 10 train-test data split,
and the exclusive application of SMOTE on the training data. The models were
optimized through hyperparameter tuning and evaluated using accuracy, precision,

recall, Fl-score, and ROC-AUC metrics

The results showed that SMOTE effectively overcame prediction bias
towards the majority class (healthy patients). Based on the comparison, the
XGBoost algorithm provided the most superior and balanced performance,
achieving an accuracy of 835.71%, precision of 75.00%, recall of 88.88%, F'1-Score
of 81.35%, and ROC-AUC of 87.85%. Overall, XGBoost is recommended as the
best architecture for developing a clinically reliable early diagnosis system for

diabetes risk

Keywords: Diabetes, Machine Learning, Imbalanced Data, SMOTE, Ensemble

Tree
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