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Research on manufacturing financial early warning based on optimized PNN
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[ Abstract] The financial early warning establishes the forecasting model to predict the risk by analyzing the relevant indicators of
the enterprise, and provides the basis for the related decision—making of the stakeholders, so research on the efficiency of early
warning becomes a critical point. Taking the relevant data of 90 manufacturing enterprises to build a probabilistic neural network
model for early warning research, the particle swarm optimization algorithm is introduced to get a promotion of the predict
efficiency. According to the empirical analysis, the prediction accuracy of the pre — optimization model without particle swarm
optimization is 87.5% ,while the optimized one is 93.75%. It is shown that the particle swarm optimization algorithm is feasible for
the optimization of neural networks, which can provide a new way for the financial early warning research of listed companies.
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Fig. 1 Probabilistic neural network structure
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Fig. 2 Optimized PNN flow chart
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Tab. 1 KMO and Bartlett spherical test table
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Tab. 2 Factor extraction table

% At T/ % Bit/% % At T/ % Bt/ % % At Ji/% Bt/ %
1 7.967 25.700 25.700 7 1.566 5.050 67.565 13 0.724 2.336 87.077
2 3.370 10.871 36.571 8 1.366 4.405 71.970 14 0.699 2.255 89.331
3 2.292 7.393 43.964 9 1.166 3.761 75.731
4 2.086 6.731 50.694 10 1.044 3.368 79.099
5 1.882 6.072 56.766 11 0.910 2.936 82.035 30 0.002 0.008 99.997
6 1.782 5.748 62.514 12 0.839 2.706 84.741 31 0.001 0.003 100.000
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Tab. 3 Particle swarm optimization algorithm parameter value table
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Tab. 4 PCA-PSO-PNN model prediction error table
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Tab. 5 Comparison of model prediction effect table

- HEHERR % A5/ % F1 - Score/ % T 2 e
- MRl ERdl M2l R Mpal  EH RTES
PCA-PNN 87.50 87.50 87.50 87.50 87.50 87.50 87.50
PCA-PSO-PNN 87.50 100.00 100.00 88.89 93.33 94.12 93.75
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