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Abstract

This paper uses stochastic simulation experiments and empirical research, and considers the
modeling and prediction of two machine learning methods: deep neural network classification
and Bagging classification. First, by comparing the definitions, related connections and differences
of the two models, this paper presents the applicable scenarios and advantages and disadvantages
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of the two methods. Then the nonlinear dataset was randomly generated for stochastic simulation,
which showed that the neural network classification model has high accuracy. Further, this paper
selects an excellent neural network classification model to conduct an empirical research on a real
data set: Iris classification data set, and makes relevant predictions. The results show that the
neural network classification model has high accuracy and prediction accuracy, which has impor-
tant practical significance for the problem of classifier selection.
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Figure 1. Basic structure diagram of DNN
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Figure 2. Parameter figure
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Figure 3. Plot of the bias coefficient
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Figure 5. Sigmoid function figure
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Figure 6. Bagging classification process figure
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Figure 7. Random data visualization plots in figure
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Figure 8. Visual plot of Iris dataset
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Table 1. Classification table of the Iris dataset
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Figure 9. DNN construction structure diagram
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Table 2. Experimental dataset table
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