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ANALISIS BIAS MODEL HIBRIDA 1DCNN-XGBOOST DALAM
PINJAMAN HIPOTEK PERUMAHAN DENGAN SHAP

Bryan Richie Irawan

ABSTRAK

Penelitian ini membahas penerapan model hibrida 1D Convolutional Neural
Network (1IDCNN) dan Extreme Gradient Boosting (XGBoost) dalam skenario
persetujuan pinjaman hipotek perumahan, serta analisis bias model menggunakan
metode Explainable Al, yaitu SHapley Additive Explanations (SHAP). Model
hibrida digunakan untuk meningkatkan performa klasifikasi dan diuji menggunakan
metrik evaluasi untuk klasifikasi biner, misalnya accuracy, recall, hingga h-score.
Hasilnya menunjukkan bahwa model hibrida mampu mendapat performa yang
tinggi dengan nilai recall misalnya, sebesar 0,9983 dan accuracy 0,9648, namun
tidak secara signifikan lebih baik dibandingkan kedua model tunggal. Selain itu,
analisis SHAP mengungkapkan bahwa meskipun model lebih banyak bergantung
pada fitur keuangan, masih terdapat indikasi penggunaan fitur sensitif ras dan jenis
kelamin dalam pengambilan keputusan, baik secara lokal maupun global. Hal ini
menunjukkan bahwa model hibrida belum sepenuhnya bebas dari bias fitur sensitif.
Penelitian ini menegaskan pentingnya penerapan XAl untuk mengevaluasi keadilan
dalam sistem pengambilan keputusan otomatis di sektor keuangan.

Kata kunci: bias, explainable Al, pinjaman hipotek, SHAP, IDCNN-XGBoost
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ANALYSIS OF BIAS IN THE IDCNN-XGBOOST HYBRID MODEL FOR
MORTGAGE LOANS USING SHAP

Bryan Richie Irawan

ABSTRACT

This research examines the application of a hybrid 1D Convolutional Neural
Network (IDCNN) and Extreme Gradient Boosting (XGBoost) model for mortgage
loan approval scenarios, coupled with bias analysis using Explainable Al
(XAl), specifically SHapley Additive Explanations (SHAP). The hybrid model was
designed to improve classification performance and was evaluated using binary
classification metrics such as accuracy, recall, h-score, etc. Results indicate that the
hybrid model achieved high performance, with a recall of 0.9983 and an accuracy
of 0.9648, though it did not significantly outperform the individual standalone
models. Additionally, SHAP analysis revealed that while the model primarily relied
on financial features, there was evidence of sensitive features such as race and
gender influencing decision making at both local and global levels, suggesting that
the hybrid model is not entirely free from bias related to protected attributes. This
study emphasizes the critical role of XAl in evaluating fairness within automated
decision-making systems in the financial sector.

Keywords: bias, explainable Al, mortgage loans, SHAP, IDCNN-XGBoost
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