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Abstract

With the development of e-banking and the improvement of online payment methods, the use and

SCEG| M ARG, BT R - BB MK BE - RIRVER I T D). N HeE i, 2022, 11(2): 717-725.
DOI: 10.12677/aam.2022.112078


http://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2022.112078
https://doi.org/10.12677/aam.2022.112078
http://www.hanspub.org

RS

circulation of credit cards are gradually increasing, and fraud such as credit card fraud is increas-
ing day by day, resulting in great economic losses. Accurate identification and rapid detection of
credit card fraud have become the focus of current research. Single algorithm to solve the genera-
lization ability is not strong, the accuracy is not high. This article combines with background of big
data, application of deep learning algorithms, studies the trading behavior of credit card custom-
ers, builds imbedding method-convolution mathematical model of the neural network credit card
fraud detection, compares with the single algorithm model, improves the fitting and the accuracy,
and reduces the probability of misclassification; it has good applicability and feasibility for credit
card fraud detection in financial institutions.
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Figure 1. Convolutional neural network architecture
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Figure 2. Flowchart of study idea
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Figure 3. Scheme of the structure for fraud detection in convolutional neural networks
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Figure 4. Convolutional neural network loss map
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Table 1. Features selected based on each model of the embedding method
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Table 2. The main characteristics, feature importance and the number of main feature votes affecting credit fraud
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Figure 5. Impact on the main characteristics of credit card fraud importance sorting and ticket count chart
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Table 3. Comparison results of different models
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