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INTISARI

Perkembangan teknologi finansial telah mendorong transformasi layanan
kredit dari sistem konvensional menuju platform digital. Perubahan ini
memungkinkan proses evaluasi kelayakan kredit dilakukan secara lebih efektif dan
terstruktur. Namun, meningkatnya penggunaan layanan kredit digital juga
menyebabkan lonjakan jumlah pengajuan pinjaman yang harus dianalisis secara
akurat dan konsisten. Pertumbuhan penyaluran kredit yang terus meningkat
menunjukkan pentingnya sistem evaluasi risiko kredit yang responsif dan mampu
mengelola data dalam skala besar. Ketidaktepatan dalam evaluasi dapat
meningkatkan risiko kredit bermasalah, seperti gagal bayar, yang berdampak pada
kerugian finansial serta menurunkan kepercayaan terhadap sistem keuangan digital.

Penelitian ini bertujuan mengembangkan model klasifikasi persetujuan
kredit menggunakan metode Soft Voting Ensemble yang mengombinasikan Logistic
Regression dan LightGBM. Logistic Regression digunakan untuk menangkap
hubungan linier antarvariabel secara interpretatif, sedangkan LightGBM
mengidentifikasi pola non-linier dan interaksi fitur. Tahapan penelitian meliputi
preprocessing data, pelatihan model, serta optimasi melalui hyperparameter tuning
dengan pendekatan ensemble untuk meingkatkan performa model.

Hasil  penelitian menunjukkan bahwa penerapan SMOTE dan
hyperparameter tuning meningkatkan kinerja model dibandingkan baseline. Model
terbaik diperoleh melalui Soft Voting Ensemble (SMOTE + tuning) dengan akurasi
97,08% dan Fl-score 97,11%, sedikit lebih tinggi dibandingkan LightGBM
tunggal. Temuan ini menunjukkan bahwa penggabungan Logistic Regression dan
LightGBM melalui metode Soft Voting Ensemble mampu meningkatkan stabilitas
dan performa klasifikasi dalam evaluasi kelayakan kredit. Hasil penelitian ini dapat
dimanfaatkan oleh lembaga keuangan serta menjadi referensi bagi pengembangan

metode lebih lanjut.

Kata kunci: Kelayakan kredit, Soft Voting Ensemble, Logistic Regression,
LightGBM, Klasifikasi.
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ABSTRACT

The development of financial technology has driven the
transformation of credit services from conventional systems to digital platforms.
This transformation enables the creditworthiness evaluation process to be
conducted more effectively and systematically. However, the increasing use of
digital credit services has also led to a surge in loan applications that must be
analyzed accurately and consistently. The continuous growth in credit distribution
highlights the importance of a responsive credit risk evaluation system capable of
managing large-scale data. Inaccurate evaluations may increase the risk of non-
performing loans, such as defaults, which can result in financial losses and reduce

trust in the digital financial system.

This study aims to develop a credit approval classification model using the
Soft Voting Ensemble method that combines Logistic Regression and LightGBM.
Logistic Regression is used to capture linear relationships between variables in an
interpretable manner, while LightGBM identifies non-linear patterns and feature
interactions. The research stages include data preprocessing, model training, and
optimization through hyperparameter tuning with an ensemble approach to

improve model performance.

The results show that the application of SMOTE and hyperparameter tuning
improves model performance compared to the baseline. The best model is obtained
using Soft Voting Ensemble (SMOTE + tuning) with an accuracy of 97.08% and an
Fl-score of 97.11%, slightly higher than the single LightGBM model. These
findings indicate that combining Logistic Regression and LightGBM through the
Soft Voting Ensemble method enhances the stability and performance of
creditworthiness classification. The results of this study can be utilized by financial

institutions and serve as a reference for further methodological development.

Keywords: Creditworthiness, Soft Voting Ensemble, Logistic Regression,
LightGBM, Classification.
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