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Abstract

The purposes of this research were. - (1) to build a model for predicting the breach behaviors for provisional release
for a provincial law court using the Adaptive Synthetic Sampling Approach and (2) to evaluate the performance of
a model based on the imbalanced dataset problem. The research methodology was designed to solve the problem
with the Machine Learning process. The process consists of 6 steps; - 1) data was collected from Phayao Provincial
Court during the January 2017 - May 2022 comprising 2,577 records and 19 features from provisional releases
to the court in crime cases, 2) data preparation by comparing methods to solve the imbalanced dataset problem with
4 methods; Random Oversampling, SMOTE, BorderlineSMOTE and ADASYN for learning data from the imbalanced

dataset. The majority class had 2,475 examples and the minority class had 102 examples or a minority to majority
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ratio of 1: 24.26. Comparing results showed that the method with ADASYN had high performance and using feature

selection with embedded approach, 3) build a classification model with the Gradient Boosting Machines algorithm of

high efficiency for training and testing a model by comparing with AdaBoost and XGBoost, 4) performance evaluation

of the model with four main metrics that were accuracy, precision, recall and F-measure, 5) parameter tuning for

finding the optimal value and 6) implementation of the model. The experimental results showed that the model had

high performance in predicting breach behaviors for provisional release for court with the measurement results of

accuracy value 97.44 %, precision 96.37%, recall 98.39% and F-measure 97.46%.

Keywords: Predictive Modeling, Imbalanced Datasets, Machine Learning, Adaptive Synthetic Sampling Approach,

Gradient Boosting Machines
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