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ABSTRACT

This independent study studies methods for detecting anomalies in financial time-series data,
focusing on identifying suspicious transactions in daily transaction data. The goal is to find the most appropriate
method for anomaly detection to identify abnormal transactions that may lead to financial fraud. The study
employs unsupervised machine learning techniques, specifically Autoencoder networks, for anomaly detection.
The model's performance in this research is evaluated using various metrics such as accuracy, recall, AUC-
PRC, ROC, F1-Score, and precision. The study found that each method has its advantages and disadvantages,
but the Bi-LSTM Autoencoder model performed best in identifying anomalies.

Additionally, the study explores the evaluation of appropriate thresholds to improve the detection
rate of machine learning methods. The resulting model will be used for automated daily transaction monitoring

to detect anomalies and display the results in a dashboard format.

Keywords: Machine Learning, Anomaly Detection, Time-Series Data
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