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Abstract

This study presents a model based on artificial intelligence algorithms, which predicts deposit subscription
intentions using bank customer data in Portuguese. The artificial intelligence algorithms employed for deposit
subscription prediction model include Logistic Regression, Random Forest, and Gradient Boost Machine. To resolve
data imbalance that is a critical issue in the Portuguese bank user dataset, we utilized various oversampling
techniques, such as Synthetic Minority Over-sampling Technique (SMOTE), Borderline SMOTE, and Adaptive
Synthetic Sampling for Imbalanced Learning (ADASYN). The objective of our provided models for predicting bank
deposit subscription intentions is to accurately identify potential subscribers. A model attains better performance, as
it achieves a higher recall that can result in a higher F2 score. Our analysis showed that the Gradient Boost Machine

algorithm-based deposit subscription prediction model,

performance.
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