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1.Radial Basis Function
2.Credit Card Fraud Detection Dataset
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1.Rectified Linear Unit
2.Stochastic Gradient Descent
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1.K-Nearest Neighbors
2.Support Vector Machine
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1.Sensitivity
2.Recall
3.Precision
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Abstract: Widespread use of financial payment services besides the increased volume of
financial transfers carried out in banking systems, have resulted in an important growing trend
of automatic fraud detection. In this regard, an intelligent system is needed that can determine
the fraudulence or genuineness of a financial transaction in real-time, unquestionably with an
acceptable precision using the different transaction features. In order to gain the benefits of the
system, a deep learning algorithm is described and proposed in this paper. The performance of
the proposed algorithm is evaluated using a set of real-world financial transactions, which is
known as the standard dataset in the literature. Then, the proposed algorithm is compared with
k-nearest neighbors and support vector machine algorithms using different metrics such as
accuracy, precision, F-measure, sensitivity, and precision-recall curve. The computational results
confirmed the efficiency of the proposed algorithm on the standard dataset with 96% accuracy
and 98% precision.
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