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A deep learning method based on Bi—GRU for financial statement
fraud detection

WEI Yujie

(School of Management, Hefei University of Technology, Hefei 230009, China)

Abstract; In recent years, deep learning methods have achieved superior predictive performance in the field of financial statement
fraud detection. However, existing research has overlooked the time series dependencies in financial data, reducing the accuracy of
financial statement fraud detection. Therefore, this study designs a deep learning method based on Bi—-GRU ( BIGRU-DM) to more
accurately detect financial statement fraud. Firstly, a Bi—GRU-based feature extraction module is designed to deeply explore the
time series dependencies among financial features, thereby obtaining deeper financial features. Then, an attention mechanism is
employed to adaptively assign weights to financial features from different years, enabling effective feature fusion. Finally, the fused
features are processed through an MLP for financial statement fraud detection. To validate the effectiveness of BIGRU-DM, this
study collects data on A-—share non—financial listed companies from the CAMAR database and conducts extensive experiments. The
results demonstrate that BIGRU-DM outperforms other baseline models in financial statement fraud detection.
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Fig. 1 The framework of the proposed BiGRU-DM
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Fig. 2 The details of the GRU
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Fig. 3 Graph of ablation experiment results
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