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Abstract. The problem of mathematical support for the construction of models of quantitative dependencies on the basis of 
convolutional neural networks is solved in the work. A convolutional neural network architecture that can be used for data in 
which the input values are not related is proposed. The proposed architecture uses the fully connected layer as the first layer. 
As a result, in the learning of the neural network, the connections necessary to operate the next convolutional layers may 
appear between the output values of the neurons of the first layer. As with simple convolutional neural networks, convolutional 
layers may alternate with subsampling layers, but a one-dimensional convolutions is used. After the convolutional layers are 
used fully connected layers. The softmax function is used as the activation function of the last layer, which allows to determine 
the probabilities of recognition of a recognized instance to each of the classes. Solved the practical problem of detecting credit 
card fraud. Neural network models were built, trained and tested on transaction data for 2 days. Usually, the number of 
fraudulent operations is a small part of all operations, so the accuracy metric cannot be used to evaluate the quality of the 
model being built. For this purpose, the AUPRC metric calculated as the area under the curve of precision and recall values is 
used. By using the softmax activation function on the last layer of the neural network, it is much easier to plot this curve than 
using other activation functions. Test results of all built models are compared. According to the results of testing, the quality of 
the proposed model is higher, but it takes longer to train it.
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[11]

PCA [12]

–

Time V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V11 V12 Amount Class

0 -1,36 -0,07 2,54 1,38 -0,34 0,46 0,24 0,1 0,36 0,09 -0,55 -0,62 149,62 0

0 1,19 0,27 0,17 0,45 0,06 -0,08 -0,08 0,09 -0,26 -0,17 1,61 1,07 2,69 0

1 -1,36 -1,34 1,77 0,38 -0,5 1,8 0,79 0,25 -1,51 0,21 0,62 0,07 378,66 0

1 -0,97 -0,19 1,79 -0,86 -0,01 1,25 0,24 0,38 -1,39 -0,05 -0,23 0,18 123,5 0

2 -1,16 0,88 1,55 0,4 -0,41 0,1 0,59 -0,27 0,82 0,75 -0,82 0,54 69,99 0

2 -0,43 0,96 1,14 -0,17 0,42 -0,03 0,48 0,26 -0,57 -0,37 1,34 0,36 3,67 0

4 1,23 0,14 0,05 1,2 0,19 0,27 -0,01 0,08 0,46 -0,1 -1,42 -0,15 4,99 0

7 -0,64 1,42 1,07 -0,49 0,95 0,43 1,12 -3,81 0,62 1,25 -0,62 0,29 40,8 0

7 -0,89 0,29 -0,11 -0,27 2,67 3,72 0,37 0,85 -0,39 -0,41 -0,71 -0,11 93,2 0

9 -0,34 1,12 1,04 -0,22 0,5 -0,25 0,65 0,07 -0,74 -0,37 1,02 0,84 3,68 0

10 1,45 -1,18 0,91 -1,38 -1,97 -0,63 -1,42 0,05 -1,72 1,63 1,2 -0,67 7,8 0

10 0,38 0,62 -0,87 -0,09 2,92 3,32 0,47 0,54 -0,56 0,31 -0,26 -0,33 9,99 0

10 1,25 -1,22 0,38 -1,23 -1,49 -0,75 -0,69 -0,23 -2,09 1,32 0,23 -0,24 121,5 0

11 1,07 0,29 0,83 2,71 -0,18 0,34 -0,1 0,12 -0,22 0,46 -0,77 0,32 27,5 0

12 -2,79 -0,33 1,64 1,77 -0,14 0,81 -0,42 -1,91 0,76 1,15 0,84 0,79 58,8 0

12 -0,75 0,35 2,06 -1,47 -1,16 -0,08 -0,61 0 -0,44 0,75 -0,79 -0,77 15,99 0

12 1,1 -0,04 1,27 1,29 -0,74 0,29 -0,59 0,19 0,78 -0,27 -0,45 0,94 12,99 0

13 -0,44 0,92 0,92 -0,73 0,92 -0,13 0,71 0,09 -0,67 -0,74 0,32 0,28 0,89 0

14 -5,4 -5,45 1,19 1,74 3,05 -1,76 -1,56 0,16 1,23 0,35 0,92 0,97 46,8 0

15 1,49 -1,03 0,45 -1,44 -1,56 -0,72 -1,08 -0,05 -1,98 1,64 1,08 -0,63 5 0

16 0,69 -1,36 1,03 0,83 -1,19 1,31 -0,88 0,45 -0,45 0,57 1,02 1,3 231,71 0

17 0,96 0,33 -0,17 2,11 1,13 1,7 0,11 0,52 -1,19 0,72 1,69 0,41 34,09 0

18 1,17 0,5 -0,07 2,26 0,43 0,09 0,24 0,14 -0,99 0,92 0,74 -0,53 2,28 0

18 0,25 0,28 1,19 -0,09 -1,31 -0,15 -0,95 -1,62 1,54 -0,83 -0,58 0,52 22,75 0

22 -1,95 -0,04 -0,41 -1,01 2,94 2,96 -0,06 0,86 0,05 0,57 -0,08 -0,22 0,89 0
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AURPC F1 score [1 F1 score

recallprecision
recallprecisionF 21 .

F1 score.

–

AURPC F1 score precision recall

1 0,728 0,772 0,8 0,716 7232 18

2 0,744 0,821 0,846 0,799 5647 24

3 0,773 0,831 0,859 0,806 5241 33

’
’
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