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Abstract

In this paper, NaiveBayes model is introduced into the classification of performance evaluation of
manufacturing industry in Guizhou Province. 529 audited and unqualified financial statement da-
ta of manufacturing industry in Guizhou Province from 2014 to 2017 are collected. Combined with
the standard value of enterprise performance evaluation published by the state, the performance
factors of profitability, operation ability and solvency are quantified by sections. By constructing a
series of variables, this paper establishes the financial ability classification model of enterprise
performance evaluation, and explores the relationship between the performance evaluation con-
tent of manufacturing industry and other subjects of financial statements. Under the evaluation
criteria of accuracy and AUC, the results of model training and empirical analysis show that the
performance of NaiveBayes model is better than that of logistic regression model, BP neural net-
work and binary SVM and decision tree.
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Table 1. Confusion matrix
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Figure 1. ROC curve
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Table 2. Description of dependent variables
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Table 4. Classification accuracy and effect
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Table 6. Classification results of NB model on profitability indicator test set data
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Figure 2. ROC curve of NB classification model on the profitability indicator
test set
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Table 7. Classification results of NB model on operational capacity indicator test set data
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Figure 3. ROC curve of NB classification model on operational capacity
indicator test set
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Table 8. Classification results of NB model on solvency indicator test set data
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Figure 4. ROC curve of NB classification model on solvency indicator test set
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Table 9. Empirical results of each performance evaluation classification model
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