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Abstract

Fraud in supplementary health insurance claims is a major challenge that leads to significant financial losses
and undermines public trust. In this study, a comprehensive framework for fraud detection using neural
network algorithms is presented. This framework utilizes three neural network architectures: a) Multilayer
Perceptron (MLP), b) Deep Neural Network (DNN) implemented with Keras, and ¢) Long-Term Memory
Network (LSTM). Raw data were collected from various sources including insurance policy information,
insureds, claim files, disease lists, and branch information and then preprocessed with cleaning,
transformation, normalization, and outlier removal (using the interquartile range or IQR method). The
models were evaluated using the K-means cross-validation method and metrics such as accuracy, confusion
matrix, precision, recall, F1 score, and ROC-AUC. Experimental results showed that all models have very
high accuracy (about 99.9%), proving that neural network-based systems are capable of reliably
distinguishing between legitimate and fraudulent claims. The proposed system can pave the way for more
effective real-time fraud monitoring in the insurance industry. These models had very high accuracy in
detecting fraud and can be effectively applied in practical and real-world applications. The results of this
research indicate the high ability of these models to process complex and nonlinear data, and these
algorithms can be used as effective solutions for fraud detection in complementary health insurance and
other similar systems. Consequently, this research is an important step towards the development of
intelligent models for fraud detection in insurance systems.
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